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Abstract

Heterogeneity pervades biological systems and manifests itself in the structural and
functional differences observed both among different individuals of the same group (e.g.,
organisms or disease systems) and among the constituent elements of a single individual
(e.g., cells). The study of the heterogeneity of biological systems and, in particular,
of multicellular systems is fundamental for the mechanistic understanding of complex
physiological and pathological phenomena (e.g., cancer), as well as for the definition of
effective prognostic, diagnostic, and therapeutic strategies.

This work focuses on developing and applying computational methods and math-
ematical models for characterising the heterogeneity of multicellular systems and, es-
pecially, cancer cell subpopulations underlying the evolution of neoplastic pathology.
Similar methodologies have been developed to effectively characterise viral evolution
and its heterogeneity. The research is divided into two complementary portions, the
first aimed at defining methods for the analysis and integration of omics data generated
by sequencing experiments, the second at modelling a multiscale simulation of multi-
cellular systems. Regarding the first strand, next-generation sequencing technologies
allow us to generate vast amounts of omics data, for example, related to the genome or
transcriptome of a given individual, through bulk or single-cell sequencing experiments.
One of the main challenges in computer science is to define computational methods to
extract useful information from such data, taking into account the high levels of data-
specific errors, mainly due to technological limitations. In particular, in the context of
this work, we focused on developing methods for the analysis of gene expression and ge-
nomic mutation data. In detail, an exhaustive comparison of machine-learning methods
for denoising and imputation of single-cell RNA-sequencing data has been performed.
Moreover, methods for mapping expression profiles onto metabolic networks have been
developed through an innovative framework that has allowed one to stratify cancer pa-
tients according to their metabolism. A subsequent extension of the method allowed us
to analyse the distribution of metabolic fluxes within a population of cells via a flux bal-
ance analysis approach. Regarding the analysis of mutational profiles, the first method
for reconstructing phylogenomic models from longitudinal data at single-cell resolution
has been designed and implemented, exploiting a framework that combines a Markov
Chain Monte Carlo with a novel weighted likelihood function. Similarly, a framework
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that exploits low-frequency mutation profiles to reconstruct robust phylogenies and likely
chains of infection has been developed by analysing sequencing data from viral samples.
The same mutational profiles also allow us to deconvolve the signal in the signatures
associated with specific molecular mechanisms that generate such mutations through an
approach based on non-negative matrix factorisation.

The research conducted with regard to the computational simulation has led to the
development of a multiscale model, in which the simulation of cell population dynam-
ics, represented through a Cellular Potts Model, is coupled to the optimisation of a
metabolic model associated with each synthetic cell. Using this model, it is possible
to represent assumptions in mathematical terms and observe properties emerging from
these assumptions.

Finally, we present a first attempt to combine the two methodological approaches
which led to the integration of single-cell RNA-seq data within the multiscale model.
This new modelling framework allows us to formulate data-driven hypotheses on the
emerging properties of the system.



1
Introduction

Living beings can be considered as complex systems, because they exhibit the fol-
lowing key properties: (i) they are composed by a high number of interacting entities
and sub-components, (ii) they show a hierarchical (multi-level) organisation, (iii) they
present nonlinear interactions and feedbacks, (iv) they usually lack a central control and
show patterns of self-organization, (v) their emerging dynamical behaviour is charac-
terized by spontaneous order and metastable states, (vi) they are typically robust to
perturbations [65].

For the same reason, all components of multicellular systems, i.e., cells, are complex
systems themselves, and so are all the ensembles of biological entities that define their
structure, functioning and dynamical organization, e.g., the genome, the transcriptome,
the proteome, the metabolome, etc. Such ensembles are object of investigation of the so-
called omics sciences (genomics, transcriptomics, epigenomic, proteomics, metabolomics,
etc.) and, in broader terms, of systems biology. More recently, an attempt to combine
concepts and methods from complex systems science, typically related to statistical
physics, and those from systems biology, led to the definition of complex systems biology
[31, 129]. Notice also that a significant portion of the so-called network science has been
focused on the characterization of the static and dynamical features of the various omics
layers, leading to the identification of many universal properties and regularities [60].

Within this lively scientific field, thanks to the continuous theoretical and method-
ological advancements of computer and data science, and to the ever-increasing com-
putational power available in dry labs, it is now possible to: (i) design computational
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4 Introduction

methods to fully exploit the growing availability of omics data, and (ii) implement ex-
pressive modelling and simulation frameworks, so to deliver a fine characterization of
complex biological systems and phenomena. In this work, I describe the attempts of
designing computational methods to this end, with a specific focus on the dissection
of the heterogeneity that naturally arises from the interaction of cells in multi-cellular
systems and, especially, on cancer and viral evolution.

1.1 Biological background: the heterogeneity of (multi-cellular)
biological systems.

Heterogeneity. Cells can be considered as the basic units of life [108]. In a nutshell,
although all cells share key common features, they can be highly different in appearance
and function, as outcome of billion years of evolution and adaptation to environmental
changes. All cells are composed by the same classes of organic molecules, such as nucleic
acids (i.e., DNA, RNA), proteins (e.g., enzymes, receptors, structural, or with other
functions), and chemical species (e.g., carbohydrates, lipids), and they all rely on a
number of strategies to survive, maintain their functioning and replicate. Together,
cells constitute tissues that, in turn, form organs and eventually entire organisms, in a
progressively more complex hierarchical organization.

The result of this multi-level and multi-scale interplay is the complex dynamical
behaviour that defines the functioning of a living being. In other terms, the interaction
of a large number of functionally distinct biological entities gives rise to an emerging
behaviour that allows an organism to grow, survive, proliferate, maintain homeostasis
and adapt to environmental changes.

One of the main phenomena related to this state of affairs, and which is observed in
most biological systems, is the emergence of heterogeneity as, e.g., in tissues, in which
ensembles of cells of highly-specialized types coexist and interact without any explicit
central control. A notable example in this respect is that of cell differentiation. For in-
stance, during embryogenesis, from a single egg cell, an entire organism is progressively
generated [222], driven by fine-tuned gene regulation and morphogenetic processes. No-
tably, these two developmental processes are not independent, as changes in cell fate,
determined by the transcriptional program, can modify the architecture of tissues, and
vice versa [130]. Analogously, during the lifetime of an organism further cell differenti-
ation processes are required to maintain tissue homeostasis, or to respond to disruptive
events (e.g., wounds), via the generation of new specialized cells from stem cells [32,
157]. As a result, tissues and, in turn, organs are composed by a heterogeneous and
ever-changing multitude of interacting cell types and modes.

Another important example is provided by diseases like cancer, a disorder arising over
time and space from the complex genetic and environmental interactions of cells [66].
During the disease progression, tumors generally become more heterogeneous, resulting
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in a diverse collection of cell subpopulations harbouring distinct molecular signatures
and exhibiting different properties (e.g., proliferation rates, metastatic capacity, or sen-
sitivity to therapies), typically known as cancer hallmarks [46]. Such heterogeneity is
both spatial, i.e., it results in a non-uniform distribution of genetically distinct cancer
subpopulations across and within disease sites, and temporal, i.e., the molecular com-
position of cancer cells changes over time [148]. Importantly, much of the attention of
recent cancer research has been devoted to the investigation of intra-tumour heterogene-
ity (ITH), which is a major cause of drug resistance and relapse [70, 232].

Interestingly, even viruses can display complex population structures, where different
viral subpopulations known as quasispecies coexist and are supposed to underlie most of
the adaptive potential to the response of the immune system and to anti-viral therapeutic
strategies [50, 214].

Overall, we note that heterogeneity is pervasive in any aspect of biology, and results
both in the observed differences among organisms (e.g., inter-organism, inter-patient,
inter-condition heterogeneity, etc.) and in those within the same system (e.g., intra-
patient, intra-host, intra-tissue, intra-tumor heterogeneity, etc.). Accordingly, hetero-
geneity reflects into the different hierarchical layers of a biological system, i.e., the omics
layers.

Omics layers. In brief, the genome can be considered the base-level of the organization
of a biological system, as it is defined as the ensemble of all genes (i.e., roughly, the
portions of DNA that encode for specific products) and regulatory elements of a given
organism. A genome encodes the information needed to regulate, for example, the
synthesis of every protein in a cell, at the right time and in a given environmental
condition. Genome information is heritable and constitute the genotype of the organisms.
For the sake of simplicity, genetic information is translated into the proteome through
the transcriptome, i.e., the ensemble of RNA molecules obtained by transcribing specific
genes. This hierarchy is effectively described by the so-called unified theory of gene
expression [21]. One can have a general idea of the overall complexity by considering
that a human cell includes more than 20000 genes, which produce more than 200000
transcripts [164], which undergo post-transcriptional and post-translational regulation
processes to produce an even higher number of functional proteins, in highly complex
gene regulatory networks [147]. Finally, the metabolome is the ensemble of chemical
entities (i.e., metabolites) that are uptaken from the outside, transformed via biochemical
reactions, and secreted. Metabolic biochemical reactions shape complex networks, in
which most of the reactions are catalysed by enzymes, i.e., proteins synthesized through
gene regulation [143].

Importantly, the Oxford dictionary defines the phenotype of an organism as “the
set of characteristics of a living thing, resulting from its combination of genes and the
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effect of its environment”. Following this definition, all the omics layers downstream of
the genome, i.e., transcriptome, proteome, metabolome, etc. represent the phenotype
of a given organism. Metabolome, in particular, provides one of the best functional
readouts of cellular phenotype of both healthy and pathological states [48]. However,
phenotypic traits are not equally determined by genetics and environment. On the
one hand, a higher contribution of the latter leads to the emergence of heterogeneous
phenotypes under different conditions (i.e., phenotypic plasticity [43]). On the other
hand, genomes can be robust to perturbations, as genetically distinct organisms can
show similar phenotypic traits (i.e., genotype canalization [28]).

Therefore, a fine characterization of the genotype-phenotype map [14, 33] could be
crucial in the investigation of complex biological systems and phenomena, such as cancer
[172, 177, 226], even if it is hindered by the complex interaction of all omics layers, which
is highly dependent on the environmental conditions and on the evolutionary history of
the organism itself. This multi-level and multi-scale interplay shapes a dynamically
evolving hierarchical organization, whose distinct levels are typically object of investi-
gation of different scientific disciplines, including computer and data science, especially
thanks to the increasing availability of omics datasets via high-throughput technologies.

In fact, different technologies and protocols now provide accurate and reliable mea-
surements of the distinct omics layers including, e.g., genome sequences, and transcrip-
tomic, proteomic and metabolomic states (i.e., abundance of transcripts, proteines, and
metabolites). Furthermore, recently the resolution of these measurements has been ex-
tended to the single-cell level [105]. In this respect, excellent results are obtained for
single-cell gene expression profiling, since it is currently possible to measure the whole
transcriptome for many thousands single cells via single-cell RNA sequencing (scRNA-
seq) experiments, hence allowing for the dissection of the intra-sample transcriptomic
heterogeneity [162, 210].

Based on these many premises, two of the possible approaches to investigate the
heterogeneity of multicellular systems are either by effectively exploiting the wealth of
available omics data, or by simulating their behaviour via computational models.

1.2 Computational background: methods for the investigation
of the heterogeneity of multicellular systems

In this work, I have focused on the definition of computational methods aimed at the
investigation of the heterogeneity that arises from the interaction of cells in multicellu-
lar systems. As explained above, two major complementary methodological approaches
exist, which can be summarized in: (i) methods for omics data analysis and integration
(bottom-up strategies), and (ii) multiscale modelling and simulation (top-down strate-
gies).
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1.2.1 Methods for omics data analysis and integration

The first category of methods aims at investigating the heterogeneity of biological sys-
tems by extracting usable knowledge from the omics data generated via wet lab experi-
ments (e.g., sequencing). As explained above, current technologies allow one to retrieve
accurate measurements from all different biological layers. In this work, I have focused
on methods aimed at exploiting either: (i) gene expression profiles or (ii) mutational
profiles.

Gene expression. In the former category, a plethora of computational methods have
been recently developed to analyse the gene expression profiles generated from either
bulk or single-cell analyses (see Section 2.2).

Bulk data can be exploited to perform many different analyses, among which Dif-
ferential Gene Expression, which is applied to detect significant changes in the gene
expression in different conditions [190] or individuals [100]. Gene expression profiles
can also be used to stratify patients to characterize their diseases [125], to retrieve spe-
cific gene expression signatures with prognostic power [224], to predict the response to
therapies [126] or determine survival biomarkers [199], usually via machine learning ap-
proaches. Moreover, they allow one to estimate the relative proportion of the different
cell types or cancer cells in a given sample by deconvolving the gene expression signal
into cell type-specific signatures [116].

Single-cell data can be used with similar purposes, but instead of considering the
difference among biological specimens, they are typically used to investigate the het-
erogeneity among the cell subpopulations present in a given sample, e.g., a biopsy or
a patient-derived organoid or cell culture. For example, single-cell data can provide
information about specific expression signatures to distinguish different cell types [171,
246], or can allow one to extract a temporal ordering of their differentiation state [196].
Other methods were recently introduced to predict the future state of individual cells by
exploiting the ratio of abundance between spliced and unspliced mRNA in each cell [158,
207]. Clearly, this list is far from being conclusive, and a surge of analytical instruments
to investigate gene expression from single-cell data is observed nowadays [217].

Given the high dimensionality and the data- and technology-dependent error rates,
single-cell data are more challenging to handle than bulk data, and require ad-hoc meth-
ods for their analysis. In this regard, best practices in quality control and preprocessing
were recently suggested [186]. These steps and other downstream analyses can be per-
formed using toolkits available in different suites, such as Seurat [236], and SCANPY
[168]. However, many challenges are still open and new computational strategies are
needed to improve the reliability of existing analyses and pave the way for new ones
[217].
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Genomic mutations. The second category includes the computational frameworks
designed to exploit mutation profiles for: (i) the reconstruction of the evolutionary
history of a biological system or (ii) the characterization of the underlying mutational
processes.

In general, the former analyses can be executed considering either an ensemble of
independent biological systems, e.g., tumor samples from distinct oncological patients,
– here we speak of population-level analyses –, or analysing a single biological system,
e.g., a single tumour, – individual-level analyses.

Among the computational methods designed to perform population-level analyses,
some exploit binarized mutation profiles, in which mutations are either present (1) or
absent (0) in a given sample [34, 57, 103, 179, 228]. The aim is to retrieve the most
likely trends of accumulation of genomic mutations (i.e., drivers [72]) in a given tumor
type. Cross-sectional data can be exploited to this end, and the result is a probabilistic
graphical model which explains the statistical trends existing in the data, which might
be used to deliver prognostic insights.

The inference of individual-level evolution models starts, instead, from the dissection
of ITH, which is often achieved reconstructing the underlying clonal structure of a tumor
(i.e., the genetically distinct cancer cell subpopulations). This can be performed either
from bulk or single-cell data. For example, bulk sequencing experiments performed
on multi-region biopsies, return the Variant Allele Frequency (VAF) profiles, i.e., the
frequency of each mutation detected in a given sample. VAFs are used to estimate the
Cancer Cell Fraction (CCF) i.e., the relative abundance of cancer cells carrying the
mutation, which in turn is exploited to determine the genotype and the abundance of
each clone. Unfortunately, strong tumor-sampling bias, as well as errors in sequencing
data (e.g., purity, ploidy, Copy Number Alterations, or mutation multiplicity) induce
uncertainty in the inferred model of cancer evolution. Thus, several methods are available
to reconstruct the clonal structure from this data type [86, 209]. Other techniques
return also the evolutionary model by exploiting multiple-sample data [96], even in the
longitudinal case [189].We finally highlight that a recent method was proposed to leverage
the regularities detected across single tumors of the the same type, so to identify possible
patterns of repeated evolution, via transfer learning [144].

Distinct computational strategies exist to exploit single-cell data to reconstruct
individual-level models of cancer evolution. In principle, with these experiments,
mutations are univocally assigned to each cell. However, technological limitations
inflate data with false positives, false negatives and missing values. So, statistical
inference approaches need to be specifically designed to retrieve consistent results from
such noisy data type. For instance, the method SCITE [113] maximizes a likelihood
function to find the evolution model that best fits the input single-cell mutational
profiles, by assuming the so-called Infinite Sites Assumption (ISA) [9], similarly to
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other methods such as TRAIT [192] , while other approaches relax such assumption,
e.g., siCloneFit [200] or SASC [231] . Instead, ddClone [135] couples the information of
both bulk and single-cell data, obtained from the same tumour samples, to improve the
deconvolution steps and the inference.

In addition, mutational profiles can also provide information about the molecular
mechanisms underlying their origination. In fact, many harmful mechanisms and the
subsequent specific DNA repair processes generate specific point mutation rate spectra,
called signatures. For example, it is proved that tobacco smoking damages the human
DNA inducing mainly the C to A transversion [107]. Identifying which mutagenic
processes are active in a tumour may indicate biological differences, or provide markers
of therapeutic response. To this aim, signatures can be detected by decomposing the
mutation spectra across multiple tumour samples, usually via Non-Negative Matrix
Factorization (NMF), [59, 204, 240].

In this work I have been developing methods for the analyses of both gene expression
(Section 3.1) and mutational profiles (Section 3.2). Interestingly, in one of my works
I could integrate the information on both levels, characterizing the relation between
genotype and phenotype at the single-cell level for the very first time (see paper P#5).

1.2.2 Multiscale modelling and simulation of multicellular systems

The second category involves methods aimed at modelling and simulating the emerg-
ing behaviour of the system under investigation. In fact, computational/mathematical
models have repeatedly proven fruitful for understanding mechanisms and processes of
complex biological systems and diseases, such as cancer [90]. Overall, simulations allow
one to carry out a virtually unlimited number of experiments in a broad range of in-silico
scenarios, with reduced costs, higher speed and increased feasibility than any real-world
(e.g., wet-lab) experiment.

Two general and complementary approaches are possible in this regard: (i) highly-
detailed models and (ii) simplified/abstract models.

Notice that the chosen classification is functional to the aim of the thesis. However,
mathematical models could be more formally classified with a different approach. For
instance, they can be grouped based on their mathematical formalization. Either detailed
and abstract model categories can include models based on deterministic, hybrid or
stochastic formulations.

• Detailed models
Detailed models are rooted in reductionist theory [26] and are aimed at precisely
characterize the functions and interactions of each component of the biological
system under investigation. In this case, it is possible to define and tune the
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parameters of a corresponding in-silico model to finely replicate its static and
dynamical properties.

To mention a few examples in this sphere, some methods employ deterministic for-
mulations (either via Ordinary Differential Equations or Partial Differential Equa-
tions) to deliver: a quantitative description of time-dependent biological processes
like cell signaling pathway [61, 71], the dynamics of immune system activation
[194], the metabolism [69], and the pharmacodynamics and pharmacokinetics of a
drug [149].

In addition, it is possible to add a certain degree of uncertainty by employing
stochastic formulations to the previous highly detailed models. This approach may
be particularly effective when the system includes a few number of elements, e.g.,
chemical reactions far from thermodynamic equilibrium, which involve low copy
numbers of chemical species. Another example is the binding and dissociation
events of a signalling molecule and its receptor resulting from random encounters
between them. Stochastic Differential Equations and Master Equations are one
the most effective approaches to represent such processes [30, 136].

A clear limitation is the necessity of the parametrization of the model, e.g., setting
all the kinetic constants of chemical reactions to properly characterize the biological
systems. Constraint-based approaches are conceived to overcome this issue, by
employing simplifying assumptions which hold in specific scenarios. For example,
cellular metabolism can be simulated with such approach and flux balance analysis
optimization, avoiding the parametrization of kinetic constants [76].

We also note that, interestingly, detailed models were repeatedly proven fruitful
to propose diagnostic or therapeutic strategies [22, 80, 180].

• Abstract models
This second category starts from the consideration that mathematical models can
be effective also when the details of the system are mostly unknown. In this case,
one starts by measuring high-level properties of the biological system to retrieve
similar patterns in the behaviour of a highly simplified or abstract simulated model.
If the same patterns emerge, the model can enhance our understanding of the
general properties of the system. The approach can be helpful to reveal unknown
biological principles or regularities, which can be missed by a qualitative approach,
testing theories on quantitative grounds, evaluating assumptions, and providing
predictions on emerging behaviours. For these reasons abstract models are widely
used in complex systems science and statistical physics.

Notable examples in this respect were provided by the many works of Stuart Kauff-
man and epigones, which modelled gene regulation via highly-simplified Boolean
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network models, yet leading to the identification of important universal properties
of real-world systems [7, 8].

A similar methodological approach was used to investigate cancer properties. Sui
Huang started from the works on Boolean networks and embraced the concept
of cancer attractor. In brief, healthy cells would wander in distinct attractors of
the gene regulatory network state space representing normal cell types, whereas
cancer cells would fall in aberrant attractors after genetic mutations or external
perturbations [35, 64, 115].

In general, this approach has proven effective in cancer research. In fact, many as-
pects of cancer progression, such as accumulation of mutations during cell division,
can be effectively modelled with highly simplified mathematical frameworks. For
instance, branching [40, 78] and Moran processes [2] can be used to simulate the
cancer initiation and its tissue hierarchy resulting from the accumulation of new
somatic mutations, and set the basis, e.g., for the simulation of complex emerging
structures and patterns of tumors [47, 104].

Multiscale modelling and simulation. Distinct biological layers and processes in-
volving different spatial and temporal scales (e.g., the gene regulation and the cell pop-
ulation dynamics) can be coupled in a unique simulation framework, that of multiscale
modelling and simulation [73]. A wide and increasing number of multiscale models cur-
rently exist, typically referred to specific (sub)systems, such as tissues or organs like
the neuromuscolar system [193], complex processes like bone healing [117], or to specific
diseases, such as neuropsychiatric disease [81], or infections [218]. Moreover, attempts
to modelling an entire organism both unicellular like the Mycoplasma genitalium [52] or
a plant [243] have been proposed. Note that, as shown, e.g., in [93], a sufficiently so-
phisticated model could predict complex, multi-network phenotypes such as the efficacy
evaluation of a given drug, leading to a completely personalized therapy strategy for a
disease.

In this work, we are mainly interested in investigating the behaviour of multicellu-
lar systems and, especially, of cancer emergence and evolution, which results from the
complex interaction between cell subpopulations and the microenvironment [19, 178].

To this end, many multiscale models have been proposed, in most of which cancer cells
are described as discrete agents that populate either in-lattice or off-lattice environments.
In the former case, the space is split into discrete subportions, whereas in the latter, more
complex geometrical representations are employed (see the reviews on the issue [62, 188]).

We finally highlight that, in the choice of any suitable modelling framework, there
exists a harsh trade-off between the expressivity and the parsimoniousness of any math-
ematical/computational model, which translates into several theoretical issues in terms
of model selection and parameter estimation [181]. When the number of parameters
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of the models needed to represent real-world systems and phenomena is high, powerful
statistical methods are required for proper parameter fitting. A notable and powerful ex-
ample is given by the Approximate Bayesian Computation (ABC) approach, which tries
to interpret experimental or observational data in light of mathematical models. ABC
approaches allow one to tune the many parameters of a model, by computing summary
statistics generated via the repeated simulation of the model, instead of computing the
exact likelihood calculations [42, 88].

In this thesis, I defined a new multiscale modelling and simulation framework, to
investigate the metabolic heterogeneity of cell subpopulations and their interactions. The
approach combines an abstract model for the spatial population dynamics, simulated via
Cellular Potts Model [124], with a more detailed one to simulate the cellular metabolism,
via Flux Balance Analysis [76].

1.3 Computational challenges

Computer and data science provide an effective methodological background to solve
open issues in biomedical sciences. Each biological question generates a number of
computational problems that, in this work, were addressed according to the two research
branches discussed in the Computational background section.

Multiscale modelling and simulation. Many computational challenges are related
to the proper modelling and simulation of multicellular systems.

Challenge 1) Trade-off between model expressivity and over-parameterisation
In order to investigate the emergent properties and patterns of real-world systems, com-
putational frameworks need to be sufficiently expressive, avoiding the concurrent ex-
plosion of the parameter space. The search for the optimal trade-off is one of the key
challenges faced during the definition and implementation of the computational frame-
works proposed in this work.

Challenge 2) Scalability
Multiscale models are typically computationally expensive, limiting the possibility of
exploring in-silico experimental scenarios.

Challenge 3) New metrics to analyze of emergent/generic properties
An important issue is the definition of effective metrics to compare the emerging be-
haviour and properties of the simulated system with real-world observations.

Omics data analysis. Many computational challenges related to the current work
are explicitly related to the methods developed and employed to analyse omics data.

• Gene expression
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Challenge 4) Denoising and imputation
It is well known that in gene expression profile derived from single-cell RNA-seq
experiments, a high rate of errors ad missing data is present, due to technical limi-
tation (e.g., allele dropout) and biological variability (e.g., batch effect). One of the
key challenges lies in the definition of computational strategies to denoise ad im-
pute single-cell data, reducing sparsity in the matrix and improve the downstream
analyses.

Challenge 5) Usability
Given the ever-increasing amount of computational methods for omics data anal-
ysis, another open challenge is the release of tools that are actually used in real-
world research and also by non-experts in bioinformatics or computer science, by
improving the overall usability.

Challenge 6) Feature selection in sample classification
Machine learning strategies are widely used to classify samples from gene expres-
sion data. Very often results can be improved in terms of performance and in-
terpretability by reducing the features taken into account. Thus, an important
computational challenge is the selection of the most relevant features for classifi-
cation of (cancer) samples. To this end a promising approach is to focus on the
topological features of metabolic nets.

• Genomic mutations

Challenge 7) Improving the robustness of phylogenetic models
Mutational profiles generated via variant calling from either single-cell or viral se-
quencing data can present high levels of false positives, false negatives and missing
values. For this reason, a challenge is how to properly deal with such noisy data.
For this purpose, the use of likelihood-based and Bayesian statistical frameworks,
as well as of search and optimization methods (e.g., via Markov chain Monte Carlo)
should be explored.

Challenge 8) Assessing model performance
Since no benchmark datasets for single-cell phylogenomics are currently available,
the simulation of realistic datasets is essential, as proposed for instance in [140,
201]. Accordingly, ad-hoc synthetic datasets need to be created for any perfor-
mance assessment.

Challenge 9) Lack of methods for longitudinal single-cell datasets
Longitudinal (i.e., time course) single-cell sequencing experiments are becoming
popular, but no currently available phylogenetic method is specifically designed to
handle this kind of data to reconstruct, e.g., the evolutionary history of tumours.

Challenge 10) Characterization of search space in MCMC
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In phylogenomic inference, a challenging aspect is the vast search space, which
exponentially increases with the number of variables (i.e., mutations) included in
the model. Often, the optimization algorithms may get stuck in a local minimum.
To overcome this problem, consensus methods [23] can be effective to collect infor-
mation from all the solutions (i.e., trees) sampled during the Markov chain Monte
Carlo search.

Challenge 11) Exploiting mutation types of viral samples
Deep sequencing experiments of viral samples provide high-resolution data allowing
to distinguish high-frequency mutations (i.e., clonal or fixed), included in consen-
sus sequences and most likely transmitted during infections, and low-frequency
mutations (i.e., minor), which emerge due to host-related processes and might be
used to improve the reconstruction of infection chains. New methods to exploit
the distinct mutation types are needed.

Challenge 12) Identification of mutational signatures of viral samples.
Mutational signature detected in cancer samples highlight specific damaging mech-
anisms. Unfortunately, no method to decompose the mutation spectra of viral
samples is currently available. Such analysis could be useful to retrieve insights on
viral-host interactions.

• Omics data integration.
Another current major challenge in bioinformatics and computional biology is the
definition of effective strategies to integrate multiple omics information.

Challenge 13) Multi-omics data mining
The transcriptome is the biological layer between the genome (i.e., genotype) and
the proteome (i.e., phenotype). Therefore, RNA-seq data might be exploited to
retrieve: (i) the genomic mutation profiles, (ii) the transcriptome states, and (iii)
an approximate estimate of protein abundances, of the same biological sample.
Computational methods and pipeline to this end are needed and might allow one
to perform multi-omics data mining.

Challenge 14) Data integration into multiscale models
Another challenging task is the integration of real-world data into multiscale model,
in order to provide a finer parameter estimation. In a previous work [175], we
proved that is possible to integrate single-cell data into metabolic models. Here,
the challenge is to extend the approach to exploit RNA-seq data in the settings of
the computational model.

• Data analysis (overall)
Challenge 15) Reproducibility
A key challenge in computer-science is the production of analyses that are repro-
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ducible and robust. To this aim, computational pipelines should be coded using
workflow managers, like Nextflow [122] or Snakemake [245], while dependency and
required software should be provided using containers (e.g., Docker [83]). Such
tools also allow one to improve the scalability and efficiency of the computational
analyses.

1.4 Main achievements

The main contributions of this thesis can be divided into four main general topics,
which are related to the challenges listed above: (i) omics data preprocessing pipelines,
(ii) methods for omics data analysis and integration, (iii) multiscale modelling and
simulation of multicellular systems, and (iv) data-driven multiscale modelling.

Overall, 8 computational methods were developed and released in public repositories
such as GitHub, Bioconductor and Galaxy Project. In Appendix: Code repositories,
one can find the references to the code repositories.

• Omics data preprocessing pipelines (Chapter 2)
Mutational profiles of biological samples are typically obtained from (single-cell or
bulk) DNA-seq experiments. However, since mRNAs are obtained by transcribing
the genome, and the RNA editing in human cells is limited [53], I have implemented
a novel pipeline to retrieve somatic mutation profiles from single-cell RNA-seq data.
In paper P#2 we proved the reliability of the results delivered by the pipeline, also
by detecting a likely experimental error in [165].

Another achievement regarding omics data preprossing led to the most extensive
review of denoising and imputation methods for single-cell RNA-seq data. In fact,
it is reasonable to expect that distinct denoising methods could perform differently
depending on the dataset being analyzed. Therefore, a quantitative benchmarking
of such methods was needed to generate guidelines for researchers. In paper P#1
we compared 19 denoising methods, both on simulations and real data, to assess
which approach provides better results under different conditions.

A further work, included in the Appendix 1, concerns the definition of a self-
contained pipeline for the discovery and assignment of mutational signatures from
viral samples, which is related to another publication described in paper P#7. The
pipeline is coded in Nextflow to ensure scalability and portability. Moreover, all
the required bioinformatics tools and dependencies are pre-installed in a Docker
image to improve the reproducibility of the results.

• Methods for omics data analysis and integration (Chapter 3)
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Gene expression profiles. In [154] we proved that is possible to extract trans-
lational knowledge from RNA-seq datasets projecting gene expression profiles onto
metabolic networks, and that such information is relevant for cancer progression.
In paper P#4, we explored the feasibility of classifying cancer samples using the
topological features of the related metabolic networks, as estimated from the cor-
responding expression profiles. As a result, just a few key topological features are
sufficient to provide good classification results via state-of-the-art machine learning
strategies, hence providing a new diagnostic automated tool for cancer research.

In addition, we translated the original method presented in [154] in a dedicated
tool released on the Galaxy Project server (named MaREA4Galaxy), so to improve
its overall usability. Galaxy Project is a web-based platform that was released to
provide a user-friendly GUI interface and a repository with bioinformatic tools
ready to be installed [142]. The tool is currently online on a public server that is
part of the ELIXIR infrastructure ( https://elixir-europe.org/).

Mutational profiles – cancer samples. Thanks to the continuous im-
provements of single-cell sequencing technologies, longitudinal (i.e., time-course)
datasets are increasingly being generated, e.g., from patient-derived organoids, cell
cultures or xenografts [163, 254, 258]. Thus, we developed the first computational
method explicitly designed to handle single-cell mutational profiles generated from
samples collected at distinct time points, to reconstruct the evolutionary history
of a tumor, namely (LACE – Longitudinal Analysis of Cancer Evolution). Thanks
to a robust statistical framework, which combines Boolean Matrix Factorization, a
newly defined weighted likelihood function and Markov chain Monte Carlo search,
LACE improves over state-of-the-art methods especially in condition of high noise
and sampling limitations. Accordingly, LACE is effective with mutation profiles
from single-cell RNA-seq data and this allows for the integration between genomic
(mutations) and transcriptomic (gene expression) layers at the single-cell level
(paper P#5).

Mutational profiles – viral samples. Most phylogenomic and phylodynamic
studies on the evolution and diffusion of viruses, such as SARS-CoV-2, process
consensus sequences generated from sequencing experiments of viral samples. Yet,
most studies discard the information on low-frequency intra-host mutations, which
can be retrieved from raw sequencing data, and which are supposed to play a key
role in viral evolution and adaptation.

In paper P#6 we developed a new statistical framework (VERSO – Viral Evolution
ReconStructiOn) with two distinct goals. The method first exploits the profiles

https://elixir-europe.org/
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of the mutations included in consensus sequences to improve the reconstruction of
the phylogeny, via a robust statistical approach borrowed from cancer evolution
research, and which improves over the state-of-the-art especially in conditions of
sampling inhomogeneity. VERSO then employs the profiles of low-frequency mu-
tations to characterize intra-host heterogeneity and retrieve a fine-resolution map
of infection events, and which would be impossible with consensus sequences only.

Furthermore, in an attempt of solving challenge 10, we developed a novel (un-
published) method to compute a consensus optimum branching tree, instead of
the maximum likelihood one, by applying the Chu–Liu/Edmonds’ optimal branch-
ing algorithm [11] to summarize the evolution models sampled during the MCMC
search. We evaluate the improvement of our method for both local and global topo-
logical properties, over a large number of synthetic datasets representing different
experimental scenarios (see section 3.2.1.1).

In addition, another method was developed to infer the mutational signatures of
SARS-CoV-2, via Non-negative Matrix Factorization of mutational spectra. In
paper P#7 we proved that this processes are host-specific and can be used to
stratify samples in homogeneous clusters.

• Multiscale modelling and simulation of multicellular systems (Chapter 4)
In section 4.2, we introduce a new multiscale multicellular framework, named Flux
Balance Cellular Automata (FBCA), to investigate the metabolic heterogeneity
of cancer subpopulations under different conditions. In particular, we propose to
combine the spatial dynamics (i.e., cell growth, division, death, and migration)
via Cellular Potts Model, with a realistic simulation of the cellular metabolism via
Flux Balance Analysis.

In particular, in paper P#8, we compared different experimental scenarios by
computing population dynamics measures like, e.g., cell duplication time, average
cell size, total accumulated biomass, clonal size (i.e., number of cells with the same
ancestor), proving the effectiveness of the modelling approach.

In paper P#9, we improved the representation of the microenvironment, by mod-
elling nutrients diffusion and uptake/secretion. This further process allows for
a better evaluation of the impact of the microenvironment, and of the emerging
metabolic behaviour of cells.

Note that key efforts were devoted to improve the overall scalability of the multi-
scale model. In fact, FBCA is coded in Matlab, an efficient programming language
to handle matrix calculation. Specifically, we relied on a multicore approach to
optimize the computation of cell metabolisms in parallel, and exploited Matlab
utilities to refactor the code and optimize the overall computational time.
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• Data-driven multiscale modelling (Chapter 5)
FBCA is a flexible framework that is suitable for the integration with single-cell
transcriptome data. Therefore, to fill the gap between theory (multiscale mod-
els) and data (omics data analysis and integration), in paper P#10 we propose a
preliminary attempt to this end, and which might pave the way for further devel-
opment in the direction of predictive modelling of complex biological phenomena.

Finally notice that in Appendix P#A2, a paper regarding the definition of a frame-
work for the design of optimized therapies via control theory is also presented. While
being only partially related to the other works presented in the thesis, this article pro-
vides a solid ground for future developments combining multiscale modelling and control
theory.

1.4.1 Articles

In the following, the list of included papers is reported. My contribution to each of them
are indicated considering the CRediT (Contribution Roles Taxonomy) author statement
[170].

Paper #1 Omics data preprocessing pipelines
Challenge 4

*Patruno, L., *Maspero, D., Craighero, F., Angaroni, F., Antoniotti, M., and
Graudenzi, A. A review of computational strategies for denoising and imputation
of single-cell transcriptomic. Briefings in Bioinformatics 22.4 (Oct. 2020).
doi:10.1093/bib/bbaa222. *equal contribution.

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Soft-
ware, Resources, Validation, Visualization, and Writing - Original Draft

Paper #2 Omics data preprocessing pipelines
Challenge 13

Ramazzotti, D., Angaroni, F., Maspero, D., Ascolani, G., Castiglioni, I., Piazza,
R., Antoniotti, M., and Graudenzi, A. Variant calling from scRNA-seq data allows
the assessment of cellular identity in patient-derived cell lines. Under review.
Preprint at: doi:10.1101/2021.04.13.439634.

CRediT: Formal analysis, Software, Resources, Validation, Visualization, and
Writing - Original Draft

https://doi.org/10.1093/bib/bbaa222
https://doi.org/10.1101/2021.04.13.439634
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Paper #A1 Omics data preprocessing pipelines
Challenge 15

Maspero, D., Angaroni, F., Porro, D., Piazza, R., Graudenzi, A., and Ra-
mazzotti, D. VirMutSig: Discovery and assignment of viral mutational sig-
natures from sequencing data. STAR Protocols 2.4 (2021), p. 100911.
doi:10.1016/j.xpro.2021.100911.

CRediT: Software, Validation, Visualization, Writing - Original Draft, Review &
Editing

Paper #3 Omics data analysis and integration
Challenges 2,5,13

Damiani, C., Rovida, L., Maspero, D., Sala, I., Rosato, L., Di Filippo, M.,
Pescini, D., Graudenzi, A., Antoniotti, M., and Mauri, G. MaREA4Galaxy:
Metabolic reaction enrichment analysis and visualization of RNA-seq data within
Galaxy. Computational and Structural Biotechnology Journal 18 (2020),
pp. 993–999. doi:10.1016/j.csbj.2020.04.008.

CRediT: Conceptualization, Resources

Paper #4 Omics data analysis and integration
Challenges 6,13

Machicao, J., Craighero, F., Maspero, D., Angaroni, F., Damiani, C., Graudenzi,
A., Antoniotti, M., and Bruno, O. M. On the Use of Topological Features of
Metabolic Networks for the Classification of Cancer Samples. Current Ge-
nomics 22.2 (2021), pp. 88–97. doi:10.2174/1389202922666210301084151

CRediT: Conceptualization, Data Curation, Visualization

https://doi.org/10.1016/j.xpro.2021.100911
https://doi.org/10.1016/j.csbj.2020.04.008
https://doi.org/10.2174/1389202922666210301084151
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Paper #5 Omics data analysis and integration
Challenges 7,8,9,13

*Ramazzotti, D., *Angaroni, F., *Maspero, D., Ascolani, G., Castiglioni, I., Pi-
azza, R., Antoniotti, M., and Graudenzi, A. . LACE: Inference of cancer evo-
lution models from longitudinal single-cell sequencing data. Journal of Com-
putational Science, 58 (2022), 101523. doi:10.1016/j.jocs.2021.101523. *equal
contribution.

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Soft-
ware, Resources, Visualization, and Writing - Original Draft

Paper #6 Omics data analysis and integration
Challenge 11

Ramazzotti, D., Angaroni, F., Maspero, D., Gambacorti-Passerini, C., Anto-
niotti, M., Graudenzi, A., and Piazza, R. VERSO: A comprehensive frame-
work for the inference of robust phylogenies and the quantification of intra-
host genomic diversity of viral samples. Patterns 2.3 (2021), p. 100212.
doi:10.1016/j.patter.2021.100212

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Valida-
tion, Visualization

Paper #7 Omics data analysis and integration
Challenge 12

*Graudenzi, A., *Maspero, D., *Angaroni, F., Piazza, R., and Ramazzotti,
D. Mutational signatures and heterogeneous host response revealed via large-
scale characterization of SARS-CoV-2 genomic diversity. iScience 24.2 (2021).
doi:10.1016/j.isci.2021.102116. *equal contribution.

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Valida-
tion, Visualization, and Writing - Original Draft

https://doi.org/10.1016/j.jocs.2021.101523
https://doi.org/10.1016/j.patter.2021.100212
https://doi.org/10.1016/j.isci.2021.102116
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Paper #8 Multiscale modelling and simulation
Challenges 1,2,3

*Graudenzi, A., *Maspero, D., and *Damiani, C. FBCA, A Multiscale Modeling
Framework Combining Cellular Automata and Flux Balance Analysis. Journal
of Cellular Automata 15 (2020), pp. 75–95. url: jca-volume-15-number-1-2-
2020/jca-15-1-2-p-75-95. *equal contribution.

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Soft-
ware, and Visualization

Paper #9 Multiscale modelling and simulation
Challenges. 1,2,3

Maspero, D., Damiani, C., Antoniotti, M., Graudenzi, A., Di Filippo, M., Vanoni,
M., Caravagna, G., Colombo, R., Ramazzotti, D., and Pescini, D. The Influence
of Nutrients Diffusion on a Metabolism-driven Model of a Multi-cellular System.
Fundamenta Informaticae 171 (2020). 1-4, pp. 279–295. doi:10.3233/FI-2020-
1883.

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Soft-
ware, Visualization, and Writing - Original Draft

Paper #10 Data-driven multiscale modelling
Challenges 1,2,3,13,14

Maspero, D., Di Filippo, M., Angaroni, F., Pescini, D., Mauri, G., Vanoni, M.,
Graudenzi, A., and Damiani, C. Integration of single-cell RNA-sequencing data
into Flux Balance Cellular Automata. Lecture Notes in Computer Science.
Ed. by Springer. Proceedings of Computational Intelligence methods for Bioin-
formatics and Biostatistics. In press. Computational Intelligence Methods for
Bioinformatics and Biostatistics, CIBB 2019. Bergamo, Italy, Sept. 2019.

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Soft-
ware, Resources, Visualization, and Writing - Original Draft

https://www.oldcitypublishing.com/journals/jca-home/jcaissue-contents/jca-volume-15-number-1-2-2020/jca-15-1-2-p-75-95/
https://www.oldcitypublishing.com/journals/jca-home/jcaissue-contents/jca-volume-15-number-1-2-2020/jca-15-1-2-p-75-95/
https://doi.org/10.3233/FI-2020-1883
https://doi.org/10.3233/FI-2020-1883
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Paper #A2
Challenge 1

Angaroni, F., Graudenzi, A., Rossignolo, M., Maspero, D., Calarco, T., Piazza,
R., Montangero, S., and Antoniotti, M. An Optimal Control Framework for the
Automated Design of Personalized Cancer Treatments. Frontiers in Bioengi-
neering and Biotechnology 8 (2020), p. 523. doi:10.3389/fbioe.2020.00523.

CRediT: Investigation, Software

https://doi.org/10.3389/fbioe.2020.00523
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1.5 Structure of the thesis
The thesis is divided into 6 chapters and 2 appendices.

Chapters 2 − 5 cover the specific contribution areas presented above. In particular,
chapter 2 introduces technologies to produce omics data and explains our preprocess-
ing pipelines. Chapter 3 covers methods for omics data analysis and integration which
exploit either transcriptomic and genomic data. Chapter 4 focus on the use of multi-
scale modelling and simulation of multicellular system to investigate the heterogeneity
and other systematic emerging properties. Finally, chapter 5 presents a data-driven
multiscale modelling combining chapter 3 and 4 approaches (see Figure 1.1).

The articles related to the distinct topics are included in their entirety (for the
Supplementary Material, please refer to the online version). For the sake of readability,
only green-marked papers are present in the main body, while blue-marked ones are
reported in the appendix A. We also highlight that papers are reported without any
modification, including the specific reference numbering, which is different from that of
the thesis. All chapters include a background section, as well as an introduction that
explains the motivations and assumptions of the distinct methods.

The discussion section presents our final comments on the achievements presented
in this thesis. We also propose possible future developments and research directions.

The following section 1.6 includes the list of abbreviations. Finally, appendix B
includes the code repositories.
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Figure 1.1: Schematic structure of the thesis.
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1.6 Abbreviation list

Abbreviation Description
CCF Cancer Cell Fraction
CML Chronic Myeloid Leukemia
COB Consensus Optimum Branching
CPM Cellular Potts Model
DEG Differential Expressed Gene
FACS Fluorescence-Activated Cell Sorted
FBA Flux Balance Analysis

FBCA Flux Balance Cellular Automata
FN False-Negative
FP False-Positive
ISA Infinite Site Assumption
ITH Intra-Tumour Heterogeneity

LACE Longitudinal Analisys of Cancer Evolution
ML Machine Learning

ML tree Maximum Likelihood tree
NGS Next-Generation Sequencing
NMF Non-negative Matrix Factorization
RAS Reaction Activity Score

RNA-seq RNA sequencing
scFBA single-cell Flux Balance Analysis

scRNA-seq single-cell RNA sequecing
SNP Single Nucleotide Polymorphism
SNV Single Nucleotide Variant
SV Structural Variant

TCGA The Cancer Genome Atlas
VAF Variant Allele Frequency

VERSO Viral Evolution ReconStructiOn
VF Variant Frequency





2
Omics data preprocessing pipelines

In this chapter, the new omics data preprocessing pipelines developed during the PhD
project are presented, starting from a general overview of data generation via bulk,
single-cell and viral sequencing experiments (section 2.1).

The results related to preprocessing of gene expression data are discussed in Section
2.2, whereas those regarding mutational profile generation in Section 2.3. Notice that
an additional pipeline for the inference of viral mutational signatures is included in the
paper included in Appendix, (paper P#A1).

2.1 Background: omics data generation via Next Generation
Sequencing
From biological samples to BAM files

High-throughput sequencing technologies have underlied most of the recent advance-
ments in biomedical sciences, with dramatic improvements over experimental workflows
and best practices [127, 182]. For example, while the first human genome required years
to be sequenced, at stellar costs, nowadays the sequencing of a human genome takes only
a few hours, and at extremely limited costs. Massively parallel sequencing is at the root
of the improvement observed with respect to the classical Sanger sequencing approach
[89]. In general, the new approach and the concurrent advancements in workflow steps

27
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led to colossal cost reductions in data generation [74].
In addition to genome sequencing, sequencing technology can be applied to collect

data from many further biological layers, such as epigenomic (ChIP-seq or ATAC-seq)
[38, 92]) and transcriptomic (RNA-seq [39]). Data produced via such technologies may
hold the promise of personalized medicine, leading to routinely available sequencing
tests that can guide patient treatment decisions. Readers interested in the history of the
evolution of sequencing technologies and of their applications may refer to [166, 184],
and to [212] for a specific focus on RNA sequencing technologies evolution.

Specifically, RNA-seq experiments are de-facto the new standard tool for the analysis
of gene expression, and replaced Microarray assays by improving the range of detection,
reducing the technical noise and allowing the detection of novel transcripts [198]. Sim-
ilarly to any other omics analysis, transcriptomic measurement via RNA-seq can be
executed at the resolution of either (i) bulk or (ii) single-cell experiments [239]. In the
following, some details of the two experimental approaches are reported.

2.1.1 Bulk sequencing experiments

Bulk RNA-seq experiments allow one to measure the average expression level for every
gene across the many cells included in a biological sample, e.g., a tissue biopsy. The
data generated in this way are widely used, for instance, to perform differential gene
expression analyses, by comparing different conditions or ensembles of patients, allowing
one to quantify expression signatures, or to stratify them into distinct clusters [219].
The principal limitation is the lack of direct insights into subpopulation heterogeneity,
which is relevant, in particular, when complex diseases (e.g., cancer) are the object of
investigation. Nonetheless, the bulk approach offers relevant advantages over single-cell
analyses, especially in terms of quality of the coverage (i.e., the number of unique reads
aligned on each position of the reference genome). Higher coverage indicates a higher
quality of data [87]).

Sequencing experiment protocol. The protocol to perform bulk RNA-seq experi-
ments is here briefly sketched.

1. Library preparation. The procedure starts from the extraction and purification
the ensemble of messenger RNAs (mRNAs) (i.e., single-stranded RNA molecules
that are complementary to one of the DNA strands) extracted from the specimen.
mRNAs are then broken into fragments and converted into cDNA, a more stable
molecule.

2. Sequencing. The sequencing step is done via high-throughput platforms (e.g.,
Illumina HiSeq or NovaSeq) [85, 244]. The process generates millions of short reads
from one end of each cDNA fragment (i.e., single-end sequencing) or of both ends
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(i.e., paired-end sequencing). The result is one or more FASTQ files reporting the
reads (i.e., strings of nucleotides detected) and the corresponding quality scores.
For more technical details on the file format, please refer to [41].

3. Alignment. Raw reads are processed to remove tags and low-quality nucleotides
(i.e., trimming). Then, they are mapped on a proper reference genome [75] to
retrieve the genomic coordinate to each mRNA fragment using a class of tools
called aligners (e.g., STAR [63], or Bowtie 2 [55]). This information is stored in
a Sequence Alignment/Map (SAM) file or its compressed format known as BAM
(i.e., Binary Alignment Map file) [37]

The starting biological material is usually abundant enough to require few amplifica-
tion cycles. So, many issues present in single-cell data (e.g., amplification bias or allele
dropout) are avoided. However, some biases are present also in bulk RNA-seq experi-
ments, so proper preprocessing steps are required to make experiments comparable [94].

2.1.2 Single-cell sequencing experiments

Over the last years, further improvement of the RNA-seq sensitivity reduced the mini-
mal input amount of biological material required. At the same time, the development
of new microfluidic-based technologies enabled the automatic isolation of cells. Such
advancements allowed to increase the resolution up to the single-cell level (scRNA-seq)
[68]. scRNA-seq experiments produce a gene expression profile for each cell, scaling from
hundreds to thousands or even millions. Accordingly, the data so generated allow one
to investigate the subpopulation heterogeneity at the highest possible resolution.

Sequencing experiment protocols. The broad range of single-cell RNA sequenc-
ing protocols can be divided into two major groups: (i) full-length (e.g., Smarter and
Smartseq2) [84], and (ii) UMI-based (e.g., Drop-seq and CEL-seq) protocols [51, 173].

The principal difference with respect to bulk sequencing lies in the library preparation
steps, whereas, sequencing and alignment are conceptually identical. The main steps
required to collect data from single cells are briefly illustrated below, in order to facilitate
the comprehension of the properties of the distinct datasets, which primarily determine
the computational preprocessing steps required prior to their analysis.

1. Cell dissociation. Single cells from biological samples, like blood samples, cancer
biopsies, patient-derived organoids, or cell lines, are collected and dissociated to
create a suspension of single cells. During this step cells could suffer of stress or
even damages, which can reflect on their expression profiles.
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2. Cell isolation. Cells isolation is performed via different techniques depending
on the choice of the protocol. They can be grouped in plate-based or droplet-
based. Typically, plate-based techniques are associated to full-length protocols,
and droplet-based to UMI-based protocols (even though exceptions are possible,
see [110]). With plate-based methods, each cell is usually sorted into a unique
small plate using, for instance, a microfluidic sorter (e.g., Fluidigm C1 [152]) or
via flow cytometry approaches. The number of cells collected ranges between 96
up to 800, which remain isolated until sequencing. Droplet-based techniques use
a specific platform (e.g., 10x Chromium) that creates droplets containing a single
cell and all the necessary enzymes for downstream chemical processes. The cell
number increases from a thousand to many thousand. For a detailed overview of
cells isolation method and platforms, please refer to [167].

3. Library preparation. During library preparation cells were lysed to extract
mRNAs that are fragmented and amplified before sequencing. This is the main
difference between full-length and UMI-based protocols. In the latter, the mRNA
fragments from all the cells are mixed before the sequencing steps. So, the proce-
dure requires adding specifically designed nucleotide sequences (i.e., tags) to each
mRNA copy, in order to identify the cell of belonging and the original molecular
transcripts. Such tags are attached via chemical reactions only to one transcript
end (usually 3’-prime). Thus, only fragments that include the transcript end can
be sequenced. On the other hand, plate-based methods keep mRNA fragments
separated into their original plates. Adding a cell identifier is unnecessary, so all
of them can be sequenced.

As anticipated, sequencing and alignment steps are similar to those described for
bulk RNA-seq experiments. The few differences are reported below, which depend on
the protocols. Usually, full-length sequencing protocols return one FASTQ file for every
single cell. Instead, the UMI-base ones return a unique FASTQ file that must be demul-
tiplexed into specific single cells, considering their identifiers. For more details on the
technologies and applied protocols, please refer to [141, 215]. Please notice that Smartseq
2 and 10x Chromium protocols are the most widely used for full-length and UMI-based
sequencing. The principal differences are the number of cells analyzed and the average
coverage. Thus, researchers should select appropriate methods for their sample type
and research aims. In particular, even if only a few cells can be analyzed simultaneously
with a fluidigm C1 platform, it is possible to obtain in-depth transcriptome information
for each cell. The genomic coverage is higher and more uniformly distributed along the
coding regions. Instead, Chromium allows one to analyze thousand of cells, yet at the
cost of less precise information on individual cells. Moreover, we note that, in generale,
it is unfeasible to call somatic mutations from UMI-based protocol, because the coverage
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involves only a tiny portion of each gene loci.
The BAM file obtained from full-length protocol have to be further processed to

reduce amplification bias. In particular, the Picard tool, from the Broad Istitute can be
used to detect and remove duplicated reads, which are supposed to be generated from
the very same mRNA fragment. UMI-based protocol instead avoids amplification bias
using a Unique Molecular Identifier to unequivocally identify each mRNA fragment.

2.1.3 Sequencing of viral samples

The sequencing of the viral genome obtained from biological samples, such as nasal
swabs, present certain differences with respect to the methods described above. Most
of the experiments are executed applying the Sanger sequencing technology [252]. This
method returns the consensus sequence of the virus, which includes the base detected
with highest relative frequency in every single genome position. Conversely, lower-
frequency mutations are discarded, losing possible relevant information [262].

However, also viral samples can be analyzed with NGS technologies, for example, to
obtain the full mutation spectrum and improve the downstream analyses as explained
in [230]. Such deep sequencing data can be obtained following different protocols and
sequencing technologies. One of the most commonly used approaches was proposed
by ARTIC network (https://artic.network/). In particular, an Amplicon sequencing
method for sequencing viral samples was optimized [133], and successively adjusted
for the application to the SARS-CoV-2 genome [220]. In this approach, viral RNA is
amplified by applying specific primers, avoiding human genetic material contamination,
and by increasing the specificity of the RNA selected. The library prepared is then
sequenced via Illumina or other technologies, with single-end or paired-end layouts. For
additional details and other available sequencing methods, please refer to [230].

The workflow to obtain BAM files is similar to that applied to bulk or single-cell
experiments. In the following, the main differences are reported.

• Sample collection. The viral genome is usually collected from infected hosts
(e.g., via oral swab) and isolated. Notice that SARS-CoV-2 is a single-strand
RNA virus. [229].

• Reference genome. One of the main differences between the analysis of either
human or viral samples is the choice of the reference genome. In fact, a standard
and curated reference genome of the SARS-CoV-2 currently does not exist. Many
works employ as reference one of the two early sequenced genomes of SARS-CoV-2
[205, 206], that are identical except for five nucleotide positions. To this end, in
paper P#6 we solved the discrepancy between the two genomes by considering
Bat-CoV-RaTG13 genome and Pangolin-CoV genome, which were identified as
closely related genomes to SARS-CoV-2 [208]

https://artic.network/
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• Alignment. Instead of using a splice-aware aligner like STAR or Bowtie2, the
Burrows-Wheeler Alignment tool (BWA) [36] is often used, since the viral genome
does not include any untranslated regions. BWA returns BAM files, also in this
case duplicated reads should be removed, especially if the library preparation was
made via a RNA-seq based protocol.

In [238], the authors highlighted the importance of NGS in the investigation of the
complexity of intra-host RNA viral populations. Such technologies could enable the
development of more effective prevention strategies or antiviral therapeutics such as,
e.g., structures of transmission networks, infection stage, and drug resistance.

2.2 Data type I: generation of gene expression profiles
From BAM files to read count matrix

The reads mapped in each BAM file are collected into genome features/loci (e.g., exons,
transcripts, or genes), depending on the aim of the experiment and the average coverage.
The results are positive matrices, which include either samples (from bulk experiments)
or cells (single-cell experiments) as columns, and genome features as rows. Each entry
represents the number of reads that are mapped in a given genome feature/locus for a
given sample.

Data preprocessing. Both bulk and single-cell raw count matrices must be nor-
malized before the downstream analyses. On the one hand, the preprocessing of bulk
matrices is often applied to make sample expression profiles comparable (i.e., between
sample normalization). In particular, the aim is to reduce biases due to different library
sizes (i.e., different numbers of total reads obtained for each sample). Please refer to
[150] for additional details on the available normalization methods.

On the other hand, single-cell expression matrices, particularly those produced with
droplet-based protocols, require more work before using their gene count values. The
preprocessing steps performed depend on the chosen protocol (i.e., UMI-based or full-
length) and the experimental design. If interested, an exhaustive guide about the best
practices in single-cell data analysis can be found in [186].
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Figure 2.1: Comparison of gene expression profiles obtained via Bulk and single-cell
sequencing protocol from [156]. Raw data are downloaded from GEO database with the
following accession number: GSE108382 (bulk), and GSE108383 (single-cell). Top 100
variable genes were selected with Seurat toolkit considering only the single-cell dataset.
Gene with less than 1 count are considered as not expressed. Expression values are
log-scaled.

As an example, in figure 2.1 two typical read count matrices obtained via bulk and
single-cell full-length sequencing protocol are reported. They are obtained from the
dataset generated in [156] and downloaded from Gene Expression Omnibus database
using the following accession number: GSE108382 (bulk), and GSE108383 (single-cell).
It is possible to notice some major differences. First, the bulk matrix includes fewer non-
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expressed genes (11.8%) than the single-cell matrix (60.3%). However, it is also evident
that the high resolution of single-cell data enables the investigation of the subpopulation
heterogeneity, despite the increased uncertainty in the data.

The data generated via both bulk and single-cell sequencing experiments can be used
for downstream analyses, starting from the analysis of gene expression.

2.2.1 Comparative assessment of denoising and imputation methods
for scRNA-seq data

Since the number of non-expressed genes in single-cell data is most likely inflated due to
technical errors (i.e., capture efficiency, amplification bias, sequencing depth, and batch
effect), many computational methods aimed at recovering the corrupted information in
single-cell RNA-seq datasets have been developed. In general terms, most methods take
as input noisy single-cell gene expression matrices (often unnormalized) and return a new
matrix with the exact dimension of the original, but with recovered expression profiles.
The denoised matrix should have lower 0-entries and more consistent data.

In all related papers, the authors claim to improve over the state-of-the-art, yet a fair
comparative assessment executed by an independent research group might be a valuable
resource, also to evaluate how protocols, technologies and data types might affect the
overall performance. For these reasons, in paper P#1, we reviewed 19 methods for
denoising and imputation of single-cell gene expression. In the review, both synthetic
and real-world datasets are used. The former allowed us to compute quantitative metrics
considering the ground-true expression profiles. Real-world datasets are also used to test
the performances and to highlight the possible differences.

In particular, four different computational tasks were considered in the comparison:
(i) imputation of dropout events, (ii) recovery of the gene expression profiles, (iii) char-
acterization of cell similarity, and (iv) identification of Differentially Expressed Genes
(DEG). The final aim is to propose a guideline for researchers to use the best method
based on the specific dataset under investigation. Notice that, the supplementary infor-
mation of the article is not included in this thesis. The complete documents is available
on the online version of the manuscript [250].
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Abstract
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Introduction

In recent years, an increasing number of studies has involved
data generated from single-cell RNA sequencing (scRNA-seq)
experiments [1, 2], which quantify gene expression levels at
single-cell resolution, thus providing insights into cell popu-
lation heterogeneity [3]. scRNA-seq methods can be used to
perform accurate transcriptome quantification with a relatively
small number of sequencing reads, isolating a typically large
number of single cells. In optimal conditions, scRNA-seq data
can recapitulate the results of standard sequencing experiments
from bulk samples, yet with a much higher resolution [4].

This is a great advantage, as many works report that even
cells in a homogeneous population may have heterogeneous
expression profiles [5–8]. For instance, scRNA-seq data can be
used to characterize rare cell subpopulations that had been
hidden in the output of bulk RNA sequencing experiments [9],
as well as in the analysis of cancer evolution, where they can
be exploited to study the heterogeneity of tumor cell subpop-
ulations [10] and the processes that lead to drug resistance or
metastasis [11]. The wide use of scRNA-seq technologies has also
allowed the creation of cell atlases for simple organisms such
as, for example, the Caenorhabditis elegans [12]; most importantly,
there is an ongoing effort to create such map for the human
organism, i.e. the Human Cell Atlas [13]. However, the analysis of
single-cell sequencing data is affected by the complex combina-
tion of biological variation and technical noise, which typically
result in sparse and noisy single-cell expression profiles.

On the one hand, stochasticity of gene expression is inherent
in most biological systems, with respect to both the biochemical
processes related to gene regulation and the fluctuations of
other cellular components and phenomena [14]. For this reason,
even cells of the same type within the same tissue may display
different gene expression distributions, complicating the iden-
tification and characterization of cellular states and transitions
[15].

On the other hand, currently available sequencing technolo-
gies are still hindered by various technical issues [2, 16, 17].
In particular, the most common approaches for scRNA-seq are
based on either droplet platforms (e.g. Drop-seq [18], InDrop [19]
and Chromium 10x [20]) or plate-based platforms (e.g. Smart-
Seq2 [21], MATQseq [22], MARS-seq [23], CEL-seq [24] and SPLIT-
seq [25]), while some further approaches rely on microfluidics
(e.g. C1 SMARTer [26]) or nanowell arrays (e.g. SEQ-well [27]).
Typically, droplet platforms allow to isolate a large number of
single cells (from a few to many thousands), by sequencing the
3′-end and by employing unique molecular identifiers (UMIs)
[28], which allow the tagging of each transcript before amplifi-
cation, thus distinguishing original transcripts from amplifica-
tion duplicates [29]. Conversely, plate-based platforms usually
employ full-length sequencing protocols and, accordingly, allow
to sequence a much lower number of single cells (∼hundreds),
yet with a considerably higher coverage. Overall, all sequencing
protocols are affected by a number of technological and experi-
mental issues, which typically result in noisy measurements.

• Capture efficiency: due to (i) the low quantity of RNA in
a given single cell, and (ii) the stochastic nature of gene
expression patterns at the single-cell level, certain gene
can display null expression level, since none of its tran-
scripts may be captured, thus resulting in zero expression
levels. These are the so-called dropout events [30] and might
be particularly relevant for scarcely expressed genes. This
issue causes both noise and a high sparsity in the data [9].

• Amplification bias: the amplification phase may be subject
to potential PCR biases in the quantification of the abun-
dance of each gene, such as preferential amplification of
certain templates. UMI-based approaches are able to miti-
gate this issue, yet in any case, amplification biases can be
a potential source of noise in the data.

• Sequencing depth: the number of sequenced reads per cell
varies between different experimental settings and plat-
forms, and this can result in noisy and sparse outputs,
especially when the depth is relatively low [29].

• Batch effects: technical sources of systematic variation may
add a confounding factor in downstream analysis. Batch
effects can be generated by analyzing samples with dif-
ferent technologies, in different laboratories or in differ-
ent runs [31, 32]. When multiple experiments are consid-
ered, it is appropriate to remove such bias. In recent years,
many methods were proposed to reach this goal. However,
the comparison of the performance of methods for batch
removal requires an in-depth investigation that is beyond
the scope of this work (see [33] for a recent review).

As a consequence, it is safe to suppose that (i) nonzero
expression values may not coincide with the true transcript
abundance in the cell and (ii) zero values observed in the gene
expression profiles may be either due to truly non-expressed
genes—in this case, we refer to structural zeros, as proposed in
[34]—or to technical limitations of the sequencing technology,
i.e. dropout events.

For this reason, many computational approaches have been
developed to retrieve lost and corrupted information from
scRNA-seq data, with the goal of returning an estimation of
the correct expression levels in each single cell. Such methods
are typically grouped in two major categories: (i) imputation
methods, with the general goal of recovering the missing values
in the data and (ii) denoising methods, aimed at adjusting the
data by removing biological and technical noise. Very often, the
two categories are mentioned indistinctly (see e.g. [35]), even
though they comprise substantially different computational
tasks.

To better distinguish the two categories, here, we propose a
rigorous categorization of imputation and denoising methods
for scRNA-seq data, in order to reduce the possible ambiguity
in the definition of the underlying computational tasks (an
analogous distinction was recently proposed in [36]).

• Imputation methods for scRNA-seq data include two major
steps. The first step is aimed at distinguishing structural
zeros (associated to non-expressing genes) from dropout
events (i.e. genes whose transcripts were not captured dur-
ing the sequencing process due to technical issues). Accord-
ingly, in the second step, such methods strive to impute
the values of dropout entries only. Nonzero entries and
structural zeros are left unchanged.

• Denoising methods for scRNA-seq data ideally include both
an imputation step (see above) and an additional com-
putational step, which is aimed at modifying the entries
which include falsely increased or decreased gene expres-
sion levels due to, e.g. biological variation or technical noise.
According to this definition, all denoising methods are also
imputation methods while the opposite is typically not true
(a rigorous definition of the two categories is provided in
section 1 of the Supplementary Material).

Methods in both categories rely on different assumptions and
employ different algorithmic strategies to perform their tasks.
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Thus, as reported in [37], a comprehensive comparison of all
available approaches might be useful and timely to clarify which
methods are more suitable for different circumstances and dis-
tinct data types. In particular, in [37], the different approaches
are grouped in the following typologies.

• Data smoothing: the methods in this category aggregate
the expression profiles of similar cells in order to perform
denoising and imputation. In this category, we find DrIm-
pute [38], DEWÄKSS [39], scHinter [40], kNN-smoothing [41],
LSImpute [42], MAGIC [43], netSmooth [44], PRIME [45] and
RESCUE [46]. Finally, other methods that use data smoothing
to impute missing values are G2S3 [47] and scTSSR [48].
However, the former aggregates the information across sim-
ilar genes to perform imputation, while the latter considers
both similar cells and similar genes.

• External knowledge integrators: these methods exploit
external knowledge to impute or denoise gene expression
profiles. In this category, we find ADImpute [49], netSmooth
[44], netNMF-sc [50], SAVER-X [51], SCRABBLE [52], scNPF
[53] TRANSLATE [54] and URSM [55].

• Machine learning (ML): these methods employ ML tech-
niques to correct for technical noise. We can find very recent
methods that employ Artificial Neural Networks (ANNs) to
infer the denoised or imputed version of the dataset, which
are AutoImpute [56], DeepImpute [57], DCA [58], EnImpute
[59], GraphSCI [60], LATE [54], scIGANs [61], SAUCIE [62],
scScope [63], scVI [64] and SISUA [65]. Next, we have meth-
ods that use regression to correct for noise in the dataset,
which are 2DImpute [66] and RIA [67].

• Matrix theory: these methods decompose the observed
gene expression matrix in a low-dimensional space to
remove noise. In this category, we find ALRA [68], ENHANCE
[69], scRMD [70], CMF-Impute [71], deepMc [72], McImpute
[73], PBLR [74], WEDGE [75], ZIFA [76] and Randomly [77].

• Model-based: these methods make assumption on the sta-
tistical model of the distribution of technical and biological
variability and noise and perform denoising and imputation
by estimating the parameters of the distributions. In this
category, we find bayNorm [78], BISCUIT [79], BUSseq [80],
CIDR [81], MISC [82], SAVER [83], scImpute [84], scRecover
[85], SCRIBE [86], SIMPLEs [87] and VIPER [88].

We here present a comparative assessment of denoising
and imputation methods for scRNA-seq data, with the goal of
providing a general overview of their features, strengths and
limitations, in order to understand in which data analysis task
they are most computationally and statistically efficient. In par-
ticular, we selected a subset of 19 different methods out of the
list mentioned above, by including some of the most widely used
approaches and which fall in the following categories.

• Data smoothing methods: DrImpute [38], kNN-smoothing
[41] and MAGIC [43].

• ML methods: AutoImpute [56], DCA [58], DeepImpute [57],
SAUCIE [62], SAVER-X [51], SCScope[63] and scVI [64].

• Matrix factorization/theory methods: ALRA [68], ENHANCE
[69], McImpute [73], Randomly [77] and scRMD [70].

• Model-based methods: bayNorm [78], SAVER [83], scImpute
[84] and VIPER [88].

The comparative assessment was carried out both on sim-
ulated data, generated via the widely used tool SymSim [89],
and four real-world scRNA-seq datasets from [90–93]. All com-
putational methods were tested with respect to a number of
metrics, in order to assess the effectiveness in imputing dropout

events, recovering the true expression profiles, characterizing
the similarity among cells and improving the identification of
differentially expressed genes (DEGs), in addition to quantify
their scalability. In the Results section, we present the results
of the extensive comparative assessment, also by releasing a
summary for a quick evaluation of the distinct techniques in
different scenarios and experimental settings.

We note that previous works reviewing imputation methods
have been proposed. In particular, in [94], the authors focus on
understanding whether six different imputation strategies intro-
duce false positives in the results of differential expression anal-
ysis. In [95], eight different methods are analyzed to understand
whether they improve the result of clustering and differential
expression analysis. Both works, however, do not include in the
analysis the most recent methods and assess the performance
of a relatively limited number of computational strategies. In
addition, both works mainly focus on the imputation task, with-
out assessing how denoising techniques may recover corrupted
information. Finally, a recent preprint on a similar subject [35]
exploits real-world data to assess the performance of imputation
methods on downstream analyses. While this work includes
a more extensive assessment of recent methods, it does not
employ simulated data, which are necessary to evaluate a num-
ber of ground truth (GT)-based performance metrics. Further
comments in this respect are provided in the Discussion section.

In the Methods section, we provide a brief description of
each denoising and imputation method included in the study,
discuss the performance assessment describing both the syn-
thetic data generation and the real-world datasets and present
the different metrics used in the analysis. In the Results section,
we present the results of the comparative assessment on both
simulated and real data, also by releasing a summary for a
quick evaluation of the distinct techniques in different scenarios
and experimental settings. Finally, in the Discussion section, we
draw conclusions about the comparison and discuss possible
future developments.

Methods
In this section, we describe in detail the 19 methods included in
the comparative assessment; we discuss the synthetic data gen-
eration and present the 4 real-world scRNA-seq datasets from
[90–93] employed in the analysis, as well as the performance
metrics.

Description of denoising and imputation methods

The 19 methods that have been analyzed and tested can be
partitioned into the following four families, according to their
assumptions and modeling techniques: smoothing, model-
based, matrix factorization/theory and ML. In the following
sections, we provide a brief description of each method. For
additional details, we refer the reader to the original papers.

Data smoothing methods

The first category includes methods that aggregate the expres-
sion profiles of similar cells, e.g. by averaging the expression
values, in order to impute (DrImpute) or denoise (MAGIC and
kNN-smoothing) their expression values.

DrImpute [38] imputes dropout events with the following
three steps: first, it computes a distance matrix between cells,
then it runs the k-means algorithm and, lastly, it defines the
expected value of a dropout event as the average value of that
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gene over the cells belonging to the same cluster. To make
the estimations more robust, the similarity matrix is computed
with both Pearson and Spearman correlations and a range of
number of clusters is tested. The averaged estimation over all
combinations is taken as the final imputation value, reducing
the risk of over-imputation.

kNN-smoothing [41] improves the signal-to-noise ratio of
single-cell expression profiles with a two-phase algorithm: first,
the k-nearest neighbors (kNNs) of each cell are identified, then
the gene expression profile of each cell is smoothed by consid-
ering its neighbor profiles. The initial step of the algorithm is
performed by normalizing the expression profiles and stabilizing
their variance. Then, to overcome the problem of finding the best
assignment for k, smoothing is applied in a progressive fashion,
by starting from k = 1 and increasing k step-by-step until the
desired level of smoothness is reached.

MAGIC [43] extracts the true similarity between cells by
amplifying biological trends, while simultaneously filtering out
spurious correspondences due to noise in the data. First, to
overcome the problem of data sparsity, a nearest neighbor graph
based on cell–cell expression distance is built. Then, an affinity
matrix is defined by applying a Gaussian kernel on the principal
components of the graph. Lastly, a diffusion process [96] is
applied on the similarity matrix to obtain a smoothed, more
faithful affinity matrix. The final imputation involves computing
the new expression of each gene as a linear combination of
the same expression in similar cells, weighted by the similarity
strength obtained in the previous steps.

ML methods

This group includes methods that apply ANNs to solve the
denoising problem (further details on ANN types are reported in
section 2 of the Supplementary Material). As reported in [37], an
increasing number of methods fall in this category (see above).
In particular, we selected DeepImpute, DCA, SAVER-X, SAUCIE,
scScope, AutoImpute and scVI.

AutoImpute [56] employs a sparse autoencoder, to learn the
distribution of the input gene expression matrix and perform
imputation. With regard to the implemented loss function,
this method takes advantage of standard reconstruction errors
such as (root) mean squared error, applied only on the nonzero
expressed genes. After training the autoencoder (AE), the
reconstructed matrix is taken as the imputed output.

DCA [58] employs AEs to perform denoising. Instead of the
classical AE decoder output, it defines a parametric decoder that
models each gene count as a negative binomial (NB) or a zero-
inflated negative binomial (ZINB) distribution; consequently, the
reconstruction error is defined as a likelihood. The predicted
distribution is then used to generate the denoised output.

DeepImpute [57] employs a deep feedforward network (DFN)
to perform imputation. After the initial preprocessing, where
only relevant genes are kept, N random groups of genes Gi are
defined. Then, for each gene in each Gi, a set Ii with the top five
Pearson correlated genes not in Gi is built. Lastly, each Ii will be
an input for a different DFN, trained to output Gi. The output of
each DFN is then used for imputing dropout events.

SAUCIE [62] is an AE-based denoising method that also sup-
ports batch correction and enhanced clustering and visualiza-
tion capabilites. More in detail, the AE embedding layer is used
for both low-dimensional visualization and batch correction, by
minimizing the difference between the probability distribution
of layer’s activations belonging to different batches. Moreover,
the activations of the decoding part are binarized to define an

encoding of each cell, which is then used for clustering. Lastly,
denoising is performed by minimizing the reconstruction error,
i.e. the mean squared error, that deals both with noise and
dropout events.

SAVER-X [51] is an extension of SAVER [83] that pairs the
Bayesian model with an AE. A NB distribution is used to
model technical and biological noise, while the AE is used to
estimate the portion of gene expression that is predictable by
the other genes. Lastly, Bayesian shrinkage is used to compute a
weighted average of the predicted expression values and the
observed data, to get the final denoised value. Additionally,
SAVER-X allows transfer learning [97] across species, thanks
to the flexibility of AEs, allowing to extract information
from data belonging to different species and experimental
conditions.

scScope [63] exploits a deep learning approach for imputa-
tion, combining an AE with a recurrent layer. The architecture
of the neural network is composed by a first layer that performs
batch correction. Successively, the encoding and decoding layers
of the AE perform compression and reconstruction, respectively,
of the batch corrected input. Lastly, the imputation layer corrects
the missing values and sends back the imputed output to the
encoding-decoding layers, to re-learn a compressed representa-
tion. The loss function is defined as a standard reconstruction
error, on the nonzero entries.

scVI [64] employs a variational AE to specify a ZINB distri-
bution, which models the true gene expression. More in detail,
the neural network takes as input each batch-annotated cell
expression and successively learns a variational distribution
accounting for, separately, the cell-specific scaling factor and
the remaining gene variation; furthermore, the defined latent
space allows to perform both clustering and visualization. Lastly,
the ZINB distribution is specified based on the learned latent
representation and the cell scaling factor.

Matrix factorization and matrix theory methods

The third category comprises four methods that denoise
(ENHANCE) or impute (ALRA, McImpute and scRMD) the
observed gene expression data by solving a matrix factorization
problem [98]. For the sake of simplicity, we added to this category
also a method that performs imputation by exploiting random
matrix theory (RMT): Randomly.

ALRA [68] performs imputation by low-rank matrix comple-
tion [99] of the observed gene expression matrix. The algorithm
is composed by two phases: firstly, a low-rank approximation
with Singular Value Decomposition [100] is computed. Then, to
distinguish dropouts from true zeros, the authors observed that
biological zeros in the computed low-rank matrix are assigned
to small values around 0, due to the approximation error. Conse-
quently, by taking the magnitude of the smallest negative value
of each gene as an approximation of the error, it is possible to
define a gene-wise threshold to distinguish dropouts and extract
the imputed values.

ENHANCE [69] is a method that combines PCA and cell aggre-
gation using kNNs to denoise the observed count matrix. The
algorithm can be divided into two main steps. The first one
accounts for reducing the bias toward highly expressed genes,
by aggregating the expression of similar cells based on the
distance between their principal component scores. The second
phase projects the aggregate matrix on the first k principal
components, where k is selected to represent only true biological
differences. Lastly, the selected components are used to derive
the final denoised matrix.
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McImpute [73] is a low-rank matrix completion approach to
impute missing values in a gene expression matrix. This method
aims at finding a lower-dimensional decomposition of the input
matrix. They formulated a low-dimensional nonnegative matrix
factorization problem as an optimization problem, solved using
the majorization-maximization technique [101]. To ensure the
convexity of the problem, McImpute solves a relaxed version of
the original objective: nuclear norm minimization. Lastly, the
resulting decomposition is used to impute missing values.

Randomly [77] is a recent denoising method that extracts
the true biological signal from the gene expression data by
analyzing the eigenvector statistics predicted by RMT [102]. The
algorithm is composed by three steps. In the pre-processing
step, expression counts are normalized and genes contributing
to a sparsity-induced nonbiological signal are removed; then,
the random matrix accounting for the noise is estimated. Lastly,
the eigenvalues carrying the true biological signal are extracted
following RMT, providing a low-rank representation of the input
data; additionally, the genes that are mostly responsible for
the signal directions can be separated from the less relevant
ones.

ScRMD [70] is a method that approaches the imputation task
by means of a robust matrix decomposition (RMD) approach
[103]. The authors assumed that we can decompose each gene
expression in the following components: the mean expression
of cells belonging to the same cluster, the specific cell variability,
the measurement error and the dropouts events. The method
defines each component as a matrix decomposition problem,
solved with an alternating direction method of multiplier, by
also applying a regularizer to account for the low-rank of the
biological signal and the sparseness of the observed counts.

Model-based methods

This category is composed by methods that model the observed
expression value of each gene in each cell as a random variable
and perform imputation (scImpute and VIPER) and denoising
(bayNorm and SAVER) by estimating the parameters of their
distributions.

bayNorm [78] employs a Bayesian approach to perform
denoising. The posterior distribution of the original counts
is composed by (i) the likelihood of obtaining the observed
transcripts, modeled as a Binomial distribution, and (ii) a prior
on each gene expression value. In order to model biological
variability, bayNorm employs a prior on the underlying true
gene expression levels, by modeling them as variables following
an NB distribution. Parameters can then be estimated locally
or globally, depending on one’s interest in amplifying or not,
respectively, the intergroup differences between cells.

SAVER [83] estimates the true gene expression levels by mod-
eling observed counts as a NB distribution. More in detail, the
technical noise in the gene expression signal is approximated
by the Poisson distribution, while the gamma prior accounts
for the uncertainty in the true expression. The final recovered
expression is a weighted average of the normalized observed
counts and the predicted true counts.

scImpute [84] is a method that performs imputation, in a
three-step algorithm. Initially, it identifies subpopulations of
cells by first applying PCA and, successively, spectral clustering
[104] on the remaining dimensions. To infer which genes are
affected by dropout, it models genes in each subpopulation with
a gamma-normal mixture model. Lastly, only highly probable
dropout events are considered, to reduce over-imputation, and
the final imputation value is computed as a linear combination

of the expression of the other cells in the same subpopulation,
weighted by the pairwise similarity.

VIPER [88] is an imputation method composed of four phases.
The first step performs a pre-selection of candidate similar cells,
to reduce overfitting. Then, a least-squares method is used to
choose a local neighborhood for each cell. To prevent imputing
missing values, VIPER estimates the dropout probability and
the expected expression for each zero-valued neighbor. Further-
more, to adjust dropout events, the gene expressions in each
neighborhood are assumed to follow a zero-inflated Poisson
mixed model, estimated using expectation maximization. Lastly,
imputation is performed by computing the weighted sum of the
expression of each neighbor, by also taking into account the
computed dropout adjustments.

Performance assessment

In the original articles, the imputation and denoising meth-
ods introduced above are often compared with competing
approaches. However, such comparisons typically involve a
limited number of denoising methods and a small number
of selected experimental settings. In order to provide a
comprehensive evaluation of performances, in this work, we
tested all methods on a large number of both simulated and
real-world datasets, with respect to several metrics.

In particular, we generated an extensive array of simulated
data, for which the GT is available and which allow to quantify
the ability of each method to actually recover the lost infor-
mation (see Supplementary Material section 3 for details about
the generation of such data). Moreover, we tested all methods
on four real-world scRNA-seq datasets generated via distinct
experimental protocols and settings.

Simulations

We employed the tool SymSim [89] to generate a large number of
synthetic scRNA-seq datasets (for a total of 90 distinct synthetic
datasets). SymSim takes as input the number of single cells, the
number of genes, the number of cell subpopulations (charac-
terized by distinct gene expression patterns) and a number of
parameters that tune the amount of biological variability and
technical noise.

The tool returns as output (i) a GT expression matrix, which
includes biological variability but no noise; (ii) a theoretical
expression profile (TEP) for each cell subpopulation, which is
obtained by removing the biological variability from the GT; and
(iii) a noisy (and sparse) expression matrix (NEM), which is finally
derived by simulating the steps of a sequencing experiment.

In this work, we generated datasets simulating two main
experimental scenarios and, in particular,

(i) non-UMI full-length datasets (i.e. high-coverage, high-
amplification bias), including 100 single cells and modeling
a typical plate-based full-length sequencing experiment
(e.g. Smart-Seq2). Thirty datasets were generated with
distinct parameter settings;

(ii) UMI datasets (i.e. low-coverage, low-amplification bias),
including 3000 single cells (30 datasets) and 10000 sin-
gle cells (30 datasets) and modeling a typical droplet
sequencing experiment (e.g. Chromium 10x).

The different datasets in each scenario are characterized by
distinct parameter settings, in terms of number of cell sub-
populations ({3, 5}), noise level (5 levels), number of selected
(most variable) genes ({500, 2000, 10000}) (Table 1). A detailed
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Table 1. Summary of the simulated datasets. We simulated a total
of 90 datasets, with the following combinations of parameters: 3
values of sample size (number of single cells) ×2 different numbers
of subpopulations ×5 levels of noise ×3 numbers of selected most
variable genes

Protocol UMI Non-UMI
full-length

No datasets 60 30
No cells {3000; 10000} 100
GT sub-populations {3; 5} {3; 5}
Capture efficiency Low High
Amplification Bias No Yes
Coverage Low High
Noise levela {1; 2; 3; 4; 5} {1; 2; 3; 4; 5}
No genes {500; 2000; 10000} {500; 2000; 10000}
a The levels of noise present in the simulated datasets are defined in section 3
of the Supplementary Material, which we refer for further details on synthetic
data generation.

description of synthetic data generation can be found in the
Supplementary Material section 3.

Real-world datasets

All methods were tested also on four distinct real-world scRNA-
seq datasets, generated with distinct protocols and experimental
specifications. In detail, we have the following.

• RW-D #1 (PBMCs – 10x) [90]: this widely employed scRNA-
seq dataset is generated via 10x Genomics platform
[20] and includes 68579 peripheral blood mononuclear
cells (PBMCs), which are annotated with 11 cell types
of the immune system, via correlation with benchmark
gene expression profiles. This dataset was used in our
analysis to assess the performance of imputation and
denoising methods in characterizing cell similarities (for
further details on the dataset, please refer to [90]; instruc-
tions for download are provided in the Supplementary
Material).

• RW-D #2 (lung cell lines – 10x) [91]: this scRNA-seq dataset
is generated via the 10x Genomics platform and includes
3918 cells from 5 distinct cell lines, which were assigned
to its corresponding identity by exploiting known genetic
differences (i.e. SNPs) between cell lines [91]; this allows
not to rely on gene expression profiles for cell labeling.
We employed this dataset to assess the robustness of the
characterization of cell similarity.

• RW-D #3 (pancreatic islets – Smart-Seq2) [92]: this scRNA-
seq dataset is generated via the full-length Smart-Seq2
protocol and includes 3514 cells from human pancreatic
islets of four diabetic patients and five healthy samples.
We employed this dataset to assess the performance of
imputation and denoising methods with respect to cell
similarity characterization when processing data from non-
UMI full-length protocols.

• RW-D #4 (melanoma cell lines – 10x, Fluidigm/Smart-
Seq, bulk) [93]: this dataset includes three different
measurements from the same biological samples, namely
(i) bulk RNA-seq experiments, (ii) 10x Genomics scRNA-seq
experiments with 737280 barcodes, (iii) Fluidigm/Smart-
Seq scRNA-seq experiments with approximately 100 single
cells. Since no cell type labels are provided in this dataset,
we here used the data to compare the performance

of imputation and denoising methods with respect to
the correct identification of DEGs, by setting the results
obtained on bulk data as baseline.

All real-world datasets were preprocessed to consider only
high-quality single cells, and downsampled, to ensure a uniform
assessment scheme for all methods. In Table 2, one can find
the main features of all datasets employed in the analyses
(see Supplementary Material section 4 for further details on
preprocessing and downsampling).

Performance metrics

To evaluate the performance of the 19 selected methods, we
employed a number of metrics, which were assessed with
respect to either simulated or real-world data, according to the
specific cases. All metrics are further detailed in section 5 of the
Supplementary Material.

Imputation of dropout events (simulations) The effectiveness
of the methods in identifying and correcting dropouts events can
be evaluated by employing the GT expression matrix obtained
from simulations (see Supplementary Material section 5 for
additional details). In order to quantify the correct imputation of
the dropout entries present in the GT, we employed three distinct
metrics.

In particular, we computed (i and ii) precision and recall on
dropout entries only (i.e. entries that are > 0 in the GT and are
= 0 in the NEM), (iii) the Spearman correlation delta between the
imputed/denoised expression matrix (for the sake of readability,
we will refer to as denoised expression matrix, from now on) and
the GT with respect to all the zero entries in the NEM, which
allows to evaluate how imputed entries are correlated with GT
values (this metric is shown in the Supplementary Material
section 5).

Notice that the false discovery rate (FDR) can be easily deter-
mined from precision (FDR = 1−precision) and, in this case,
allows to evaluate the effectiveness of the methods in not imput-
ing structural zeros (i.e. entries that are 0 both in the GT and in
the NEM).

Recovery of true gene expression profiles (simulations) To
estimate the ability of each method in recovering the true single-
cell gene expression profiles, we relied on both the GT and the
NEM obtained from simulations.

In particular, we computed the difference between the
Spearman correlation coefficient ρ computed after imputation
or denoising (i.e. ρ between denoised expression matrix and
GT) and that computed before imputation or denoising (i.e.
ρ between NEM and GT). This measure is denoted as delta
correlation in the following, �ρ.

Characterization of cell similarity (simulations and real-
world data) In order to evaluate the effectiveness of each
method in capturing the similarity among cells, we computed
the average silhouette coefficient (or width) [105] by grouping
single cells according to the GT labels, i.e. cell subpopulations
labels for both simulated data, and cell type/line labels for real
data. Higher values of the average silhouette coefficient indicate
that cells are grouped consistently with GT labels. Therefore, we
here measured the difference between the average silhouette
coefficient obtained from denoised data and that computed
from the NEM (i.e. silhouette delta). Further detail about the
evaluation of such metric is given in the Supplementary Material
section 5.

We finally remark that, with regard to simulations, we here
employed the TEP of all cell subpopulations as performance
benchmark.
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Table 2. Features of real-world datasets. Main features of the four real-world datasets used in the assessment of imputation and denoising
methods: RW-D#1 [90], RW-D#2 [91], RW-D#3 [92] and RW-D#4 [93]

Dataset Number of cells

RW-D Name Protocol Original Employed Task

#1 PBMC [90] UMI 68579 3000 Cell sim.
UMI 68579 10000 Cell sim.

#2 Lung cell lines [91] UMI 3918 3918 Cell sim.
#3 Pancreatic islets [92] Non-UMI 352 245 Cell sim.

Non-UMI 383 243 Cell sim.
Non-UMI 383 197 Cell sim.
Non-UMI 383 224 Cell sim.
Non-UMI 383 196 Cell sim.
Non-UMI 383 263 Cell sim.
Non-UMI 383 93 Cell sim.
Non-UMI 384 275 Cell sim.
Non-UMI 384 293 Cell sim.

#4 Sake (Parent.) [93] UMI 737280 3178 DEGs
Non-UMI 113 113 DEGs

Sake (Resist.) [93] UMI 737280 3085 DEGs
Non-UMI 84 84 DEGs

Identification of DEGs (real-world data)
To assess the improvement on the identification of DEGs due to
the application of imputation/denoising methods, we employed
real-world dataset RW-D#4 which includes two independent cell
populations, namely parental and resistant, for which single-
cell 10x, single-cell Fluidigm/Smart-Seq and bulk sequencing
experiments were executed.

We proceeded as follows: for each single-cell dataset (10x and
Fluidigm/Smart-Seq), we performed a standard Wilcoxon test
to select the DEGs (p < 0.05) between parental and resistant
populations, with respect to both the NEM and the denoised
expression matrix, and which results in two distinct lists of
DEGs.

The expression profiles of the DEGs are then used to calcu-
late the Spearman correlation coefficient between each single
cell and the corresponding bulk profile. The distribution of the
difference of the Spearman correlation coefficient as computed
on denoised data and that on the NEM is used to evaluate the
performance for this task.

Computation time (simulations) We finally analyzed the
computational time of each tested method to impute or denoise
datasets with distinct numbers of observations (i.e. single cells)
and of variables (i.e. genes), with respect to a selected number of

simulated datasets. All computations were performed on a HP
®

Z8 G4 Workstation equipped with two Intel
®

Xeon
®

Gold 6240
processors at 2.60 GHz, 1 TB DDR4 RAM at 2933 MHz and Linux
Mint 19.2 Tina.

We note that, in the original papers, the authors do not
declare any theoretical worst-case performance in terms of O(·)
notation; although for many of them, it would be derivable from
literature. We therefore present an empirical study of the relative
performances of the methods.

Parameter settings of computational methods

Most methods were run on both simulated and real-world
datasets using default settings and following guidelines
provided from the authors, if any. For additional details on
parameter settings of all methods, please refer to section 6 of
the Supplementary Material and to Supplementary Table 4.

Note that we report the results SAVER-X without pre-training,
as its performance seems to be only slightly affected by pre-
training on real-world datasets, as shown in Supplementary
Figure 9. Besides, for analyses involving synthetic datasets, we
did not run AutoImpute, McImpute, scImpute and VIPER on
datasets with 10 000 cells and 10 000 genes, and we did not
execute VIPER on RW-D#1 (downsampled to 10 000 cells and
10 000 genes), due to the high computational time required by
such methods. Furthermore, for 10 out of 30 non-UMI full-length
simulated datasets, SAUCIE collapsed all cells into one unique
profile. Thus, such datasets were not included in the analysis.
Finally, please note that for Fluidigm/Smart-Seq datasets in RW-
D#4, the computation of bayNorm and ENHANCE raised errors
and, therefore, their results are not reported.

Results
We start by providing a qualitative example of the effect of the
tested imputation and denoising methods: Figures 1 and 2 show
the tSNE low-dimensional representation [106] of a synthetic
dataset (3000 cells, 5 subpopulations and 2000 genes) and of
one real dataset (RW-D#1, downsampled to 3000 cells and 2000
genes; see the Methods section for further details). For the
synthetic dataset, we show the GT expression matrix, the NEM
and the denoised datasets returned by each method, whereas
for RW-D#1 we show its original expression matrix and the
corresponding denoised versions.

From this qualitative analysis, one can appreciate the sub-
stantial different data transformations which are determined by
the distinct methods.

While it is difficult to draw conclusion from single exper-
iments, certain methods apparently tend to reduce the vari-
ability of gene expression profiles, resulting in more compact
representations on the tSNE space (e.g. kNN-smoothing, SAUCIE,
MAGIC), some others appear to enhance the inter-cluster dis-
tance (scImpute, SAVER and ENHANCE), while most methods
seem to preserve the original disposition in the transcriptomic
space, with some exceptions (note that in this and subsequent
analyses, AutoImpute seems not to have reached convergence,
with default parameters).



8 Patruno et al.

Figure 1. Effect of 19 imputation and denoising methods on a selected simulated scenario via tSNE low-dimensional representation. tSNE low-dimensional

representation [106] of the gene expression profile of 3000 single cells of a selected synthetic UMI dataset with 5 subpopulations and 2000 genes. For this dataset,

we present the tSNE plot of the GT expression matrix generated via SymSim and the NEM obtained after simulating the sequencing experiment. The remaining tSNE

plots represent the gene expression of the cells after the application of all tested denoising and imputation methods to the NEM.

The visualization of three further synthetic datasets and of
real-world datasets RW-D#2 and RW-D#3 are shown in Supple-
mentary Figures 1–5. The results of the quantitative assessment
with respect to the metrics described in the Methods section are
presented in the following.

Imputation of dropout events (simulations)
We first assessed the performance of all methods in imputing
dropout events (i.e. entries = 0 in the NEM but > 0 in the
GT expression matrix), leaving structural zeros unchanged (i.e.
entries = 0 both in the NEM and the GT). The parameters of all
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Figure 2. Effect of 19 imputation and denoising methods on real-world dataset RW-D #1 via tSNE low-dimensional representation. tSNE low-dimensional representation

[106] of the gene expression profile of 3000 selected cells from RW-D #1 (PBMCs – 10x) [90] as computed on the 2000 most variable genes. For this dataset, we present

the tSNE projection of the original dataset, which includes nine cell types and the tSNE plots of the single-cell expression profiles after the application of all methods

under analysis.

simulations are recapitulated in Table 1 and in Supplementary
Tables 1 and 2. Please refer to the Methods section and to
Supplementary Material sections 3 and 5 for details on synthetic
data generation and performance metrics. Note that Randomly
was not included in this test, since it provides an already scaled
expression matrix as output.

In Figure 3, one can find, for each method, the median
precision and recall on correctly imputed dropouts (in this case,
a true positive is an entry > 0 both in the GT and in the denoised
expression matrix but = 0 in the NEM), grouped according to the
number of (most variable) selected genes ({500, 2000, 10 000})
and the number of single cells (100 for non-UMI full-length
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Figure 3. Performance assessment on imputation of dropout events (simulations). Assessment of imputation of dropouts, as evaluated on non-UMI full-length simu-

lated datasets (100 single cells) and UMI simulated datasets ({3000, 10000} single cells), with {500, 2000, 10000} genes. In each panel, we display a scatter-plot returning,

for each imputation and denoising method, the median precision (y-axis) and recall (x-axis) as computed on correctly imputed dropouts (computed on 10 simulations

per setting). In this case, a true positive, is an entry that is > 0 in the denoised expression matrix and in the GT but is = 0 in the NEM (see the Methods section for

further details and Supplementary Table 3 for the confusion matrix). The squared shade indicates methods with precision and recall > 0.80. In Supplementary Figure 6,

the distribution of precision and recall is displayed.

and {3000, 10000} for UMI datasets). In order to identify the
methods showing high precision (i.e. how many imputed entries
are dropouts) and high recall (i.e. how many dropouts are
imputed) scatter-plot areas corresponding to high values for
both measures (> 0.80) were highlighted (in Supplementary
Figure 6 the distributions of precision and recall on settings are
displayed).

As a first result, most methods struggle when dealing with
non-UMI full-length datasets (with 100 cells), as proven by the
relatively lower value of average precision. This aspect is likely
due to the low number of observations (single cells) as compared
with the number of variables (genes) and consistently affects the
performance of all methods on most tasks (see below).

Conversely, we observe a subset of methods that achieve
extremely positive performances (both precision and recall >

0.80) for UMI datasets with 3000 and 10 000 cells. In detail, VIPER
provides the best performance with datasets with 500 genes,
while for datasets with 2000 and 10 000 genes, ALRA, bayNorm,
DrImpute, ENHANCE, kNN-smoothing, MAGIC, SAVER, SAVER-
X and scVI consistently provide optimal and analogous perfor-
mances. In particular, such methods show values of recall very
close to 1 in all experimental settings (with the exception of kNN-
smoothing). While this effect might be due to over-imputation,
such methods also display significantly high precision in most
settings. Notice also that higher values of precision implicate a

lower fraction of wrongly imputed structural zeros (entries = 0
both in the GT and the NEM), as measured by the false discovery
rate (FDR = 1− precision).

Finally, we note that scRMD and scImpute display the high-
est values of precision in most settings, which, however, are
most likely due to the conservative nature of the approaches,
which tend to limit the number of imputed values. This obser-
vation is strengthened by considering the low values of recall for
both methods: indeed, as recall corresponds to the fraction of
imputed dropouts, a value close to 0 indicates that the method
did not impute most of the events.

To further extend the analysis on imputation of dropouts,
in Supplementary Material section 7 (Supplementary Figure 7),
we return the analysis of the Spearman correlation coefficient
computed considering zero entries of the NEM and which allows
to quantify the correlation between imputed entries and the
corresponding GT expression values. On the one hand, bayNorm,
DrImpute, ENHANCE, MAGIC, SAVER and SAVER-X provide the
most accurate and robust results in most scenarios, proving
effective in correctly recovering the true expression values of
imputed entries. On the other hand, ALRA, kNN-smoothing and
scVI and VIPER, which exhibit good values of precision and
recall on imputed dropouts (see above), display a relatively lower
performance in terms of correlation of the imputed entries with
respect to the GT expression values.
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Figure 4. Performance assessment on recovery of true gene expression profiles (simulations). Assessment of recovery of true expression profiles, as evaluated on non-

UMI full-length simulated datasets (100 single cells, panel A) and UMI simulated datasets ({3000, 10000} single cells, panels B and C), with {500, 2000, 10000} genes. The

boxplots return the distribution of correlation delta, �ρ, i.e. the difference between the Spearman correlation coefficient computed between the denoised expression

matrix and the GT and that computed between the NEM and the GT, for all methods in each experimental setting. The baseline median Spearman correlation coefficient

(MSC) between the NEM and GT is reported on top of the panels, for each setting, while in Supplementary Figure 8, the relative distributions are returned.

Recovery of true gene expression profiles (simulations)

We next tested the capability of each method in recovering the
GT gene expression profiles, by using simulated data. In Figure 4,
one can find the difference of the Spearman correlation coeffi-
cient as computed between the GT and the denoised expression
matrix after the application of all 19 methods and that computed
between the GT and the NEM. Such difference is denoted as
correlation delta, �ρ, from now on (see the Methods section and
Supplementary Material section 5 for further details).

In particular, the results are displayed according to the num-
ber of genes, {500, 2000, 10000} and number of cells, 100 for non-
UMI full-length and {3000, 10 000} for UMI experiments, as this
allows to analyze the performance under different experimental
settings. Note that, as for the analysis on imputed entries, we
here do not include the output of Randomly, which provides a
scaled output matrix.

As expected, sample size and protocol-type highly influence
the capability of any method to recover corrupted information,
as the performance of all methods generally improves with
datasets with a larger number of single cells and generated via
UMI-based protocols. More specifically, most methods appear to
struggle when processing non-UMI full-length datasets charac-
terized by a low number of cells (i.e. = 100), delivering unreliable
and often erroneous denoised expression profiles, as proven by
the negative Spearman correlation delta observed in most cases
(up to −0.45 for some methods).

Conversely, correlation deltas progressively improve with
UMI datasets including larger numbers of cells and/or genes,
and, in particular, all methods with the exception of ALRA and
scScope, achieve a positive median delta with datasets with
10 000 genes and 10 000 cells.

Examining the methods in greater detail, we observe that
bayNorm, SAVER and SAVER-X are the methods with the best
overall performance, as they always provide a positive corre-
lation delta and achieve the best results with both non-UMI
full-length and UMI datasets. Furthermore, we note that such
approaches show an extremely low variance, suggesting that the
results are robust. Among the other approaches, we note that
DrImpute displays a high correlation delta with UMI datasets,
whereas both ENHANCE and MAGIC exhibit remarkable perfor-
mances with datasets with more than 3000 cells and more than
2000 genes.

All in all, the results of this and the previous analyses sug-
gest that bayNorm, SAVER and SAVER-X might be an adequate
choice for both imputing dropouts and recovering corrupted

information, as they show the most accurate and stable per-
formances with both UMI and non-UMI full-length datasets,
whereas DrImpute, ENHANCE and MAGIC are similarly effective
when processing UMI datasets.

Characterization of cell similarity (simulations
and real-world data)

When analyzing scRNA-seq data, one might be interested in
characterizing the possible heterogeneous populations included
in the dataset, typically performing unsupervised clustering. For
example, the Scanpy [107] and Seurat [108] packages for single-
cell analyses incorporate the Louvain and Leiden algorithms
for community detection [109], which identify clusters based
on a nearest neighbors graph constructed from the profiles of
each single cell. Therefore, it is clear that improving the iden-
tification of cell similarities might result in better clustering
performances. To this end, we assessed the effectiveness of all
tested methods in enhancing cell similarity with respect to both
simulated and real data.

In Figure 5, we show the difference between the average
silhouette coefficient computed on denoised expression matrix
and that obtained from the NEM, by grouping single cells accord-
ing to the GT labels. Higher values of the average Silhouette
coefficient indicate that cells are close to other cells of the
same subpopulation and separated from those belonging to
other subpopulations. In particular, GT labels are provided by
cell subpopulation labels for simulated data and by cell type/line
labels for real-world datasets (see the Methods section and the
Supplementary Material for further details). We remark that
the silhouette coefficient allows one not to rely on arbitrarily
chosen clustering approaches, to evaluate the correct grouping
of single cells. In fact, currently available clustering methods
for scRNA-seq data are characterized by different properties,
goals and specifications and produce results that are extremely
sensitive to parameter choices and variations, and which might,
in turn, undermine the comparison of denoising and imputation
methods on this specific task.

Results are shown for simulated datasets with {500, 2000,
10000} genes and 100 (non-UMI full-length) or {3000, 10000} sin-
gle cells (UMI), as well as for real-world datasets RW-D#1, RW-
D#2 and RW-D#3. Note that we employed the TEP of all cell
subpopulations as benchmark for the assessment on simulated
datasets: in particular, the silhouette coefficient delta between
the TEP and the NEM represents the largest theoretical improve-
ment in each setting.
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Figure 5. Performance assessment on cell similarity characterization (simulations and real-world data). Assessment of enhancement of cell similarity characterization

after denoising, as evaluated on (i) simulated datasets (non-UMI full-length with 100 single cells and UMI-simulated datasets with {3000, 10000} single cells, panels

A–C) and (ii) real-world datasets RW-D#1 (downsampled to {3000, 10000} cells, 10x platform, panels D and E), RW-D#2 (3918 cells, 10x platform, panel F) and RW-D#3

({93, 196, 197, 224, 243, 245, 263, 275, 293} cells, Smart-Seq2, panel G). The boxplots (respectively, barplots) in all panels, depict the distribution (respectively, values) of

the Silhouette delta, i.e. the difference between the average silhouette coefficient computed on the denoised expression matrix and that computed on the NEM, for all

methods. The difference between the average silhouette coefficient evaluated on the TEP and that computed on the NEM is also shown for all simulated datasets.

Overall, most methods cause an increase of the average sil-
houette coefficient in most settings, suggesting that imputation
and denoising approaches are indeed effective in enhancing the
similarity of the expression profiles of cells belonging to the
same sub-populations.

This effect is significantly intensified with datasets with
larger sample size and generated (or simulated) with UMI pro-
tocols, as proven by the overall increase in delta magnitude.
In particular, MAGIC and ENHANCE appear to produce the best
results, with respect to both simulated and real-world datasets,
yet with noteworthy variance in some scenarios, and with the
latter method improving its performance with UMI datasets.
We further notice that ALRA, kNN-smoothing and scVI deliver
notable performances in most scenarios, closely followed by
DCA. Surprisingly, SAUCIE exhibits a negative delta with sim-
ulated non-UMI full-length datasets but produces good results
with real-world Smart-Seq2 dataset RW-D#3.

We recall that, among the best performing methods for the
imputation and expression recovery tasks (see above), in addi-
tion to the aforementioned MAGIC and ENHANCE, SAVER-X
and SAVER consistently produce improvements of the average
silhouette delta in most simulated and real-world scenarios,
whereas bayNorm and DrImpute appear to be less effective with
respect to this specific task.

We finally specify that the results on simulated and real-
world datasets are mostly coherent across experimental scenar-
ios, further proving the suitability of simulations in assessing the
performance of imputation and denoising methods.

Identification of DEGs (real-world data)

In order to quantify the effect of denoising and imputation
methods on the identification of DEGs, we leveraged on bulk
RNA-sequencing data included in real-world dataset RW-D#4
[93]. In detail, we first computed the DEGs between the parental

and resistant samples included in the dataset, with respect to
both the original expression matrix and the denoised matrix (via
Wilcoxon test, P < 0.05), and which resulted in two distinct lists
of DEGs. The analysis was repeated for both the Fluidigm/Smart-
Seq dataset (84 and 113 single cells for resistant and parental cell
lines, respectively) and the 10x datasets (3085 and 3178; see the
Methods section and the Supplementary Material section 4 for
further details).

In Figure 6, we display the difference of the Spearman cor-
relation coefficient between the expression profile of the DEGs
obtained from the denoised expression matrix and the bulk
expression profile (computed for each single cell), and the one
computed on the profiles of DEGs determined from the original
expression matrix.

Noteworthy, most approaches produce an increase of the
correlation with respect to the bulk expression profile. In par-
ticular, kNN-smoothing, MAGIC and SAUCIE deliver a median
Spearman delta > 0.10 for both the Fluidigm/Smart-Seq and the
10x datasets, while bayNorm, ENHANCE, SAVER, SAVER-X and
scVI show a median Spearman delta > 0.10 for the latter protocol
only.

Overall, this result indicates that, in many cases, imputa-
tion and denoising methods might be effective in improving
downstream analyses, such as the identification of DEGs.

Computation time (simulations)

Figure 7 reports the results of the computational time assess-
ment on three simulated datasets: (i) non-UMI full-length (100
cells) (ii) UMI (3000 cells), and (iii) UMI (10 000 cells), with respect
to {500, 2000, 5000} genes, plotted in logarithmic scale.

We can observe that all methods suffer an approximately
exponential increase of computational time with respect to
the number of cells and the number of genes, with extremely
significant difference in magnitude. Overall, the most scalable
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Figure 6. Performance assessment on identification of DEGs (real-world data). Assessment of identification of DEGs, as computed on RW-D#4 [93]. DEGs between

parental and resistant cell lines of RW-D#4 are identified via Wilcoxon test (P < 0.05), both starting from the original scRNA-seq dataset and from the corresponding

denoised matrices, for both Fluidigm/Smart-Seq and 10x datasets (panel A and B). The Spearman correlation coefficient between the expression profile of all single

cells and the corresponding bulk expression profile is computed with respect to all the DEGs included in the distinct lists. The distribution (on all single cells) of the

difference between the Spearman correlation coefficient computed with original data matrix and that computed with the denoised version is then shown as boxplots

for both 10x and Fluidigm/Smart-Seq datasets. In the rightmost panels, the baseline distribution of the Spearman correlation coefficient between the NEM and bulk

data (with respect to the corresponding list of DEGs) is shown, for both scenarios.

algorithms appear to be ALRA, kNN-smoothing and scRMD
while, in general, matrix theory appears to be the most
computationally efficient category.

Summary of the performance assessment on denoising
and imputation methods

In Figure 8, we present a recapitulation of the performance
assessment. The schema includes seven panels, structured as
follows:

• imputation of dropout events,
• recovery of gene expression profiles,

• characterization of cell similarity,
• identification of DEGs,
• computation time,
• task,
• release code quality.

In particular, we selected a subset of simulated datasets,
characterized by selected parameter settings in terms of
single-cell number ({100, 3000, 10000}), sequencing protocol
{non-UMI full-length, UMI} and number of genes (2000 for all
settings)—and all four real-world datasets (see the Methods
section), which we employed to compute a schematic ranking of
all methods with respect to the distinct tasks.
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Figure 7. Computational time assessment. Running time of each method in denoising/imputing datasets with increasing number of cells and genes. In (A) results with

100 cells, in (B) results with 3000 cells and in (C) results with 10 000 cells. Values are plotted in logarithmic scale.

More in detail, for each selected parameter setting of the
simulated dataset and for each real-world dataset, we ordered all
19 methods with respect to the average values of the following
metrics:

(i) average Spearman correlation delta for zero entries of the
NEM (for imputation of dropout events),

(ii) average Spearman correlation delta on the whole expres-
sion matrix (for recovery of gene expression profiles),

(iii) average silhouette delta (for characterization of cell similar-
ity),

(iv) average Spearman correlation delta (for identification of
DEGs),

(v) computation time.

The ranking is visually represented with dots with respect to
each experimental setting, where the largest dot corresponds to
the best performing method (green) and the smallest dot to the
worst performing method (red).

The task panel indicates whether each method performs
either denoising or imputation (see the Introduction section
and Supplementary Material section 1 for a rigorous classifica-
tion of the two tasks). Finally, the last panel reports a summary
of selected quality code metrics, which were used to evaluate the
different tools. In particular, usability and documentation range
from 1, i.e. the worst result, to 4, corresponding to the best score.
Usability is calculated by considering a set of characteristics that
contribute in worsening the overall usability of the tool: (i) either
input preprocessing, preliminary operation, e.g. clustering, or
output post-processing, e.g. re-normalization, are required to the
user; (ii) at least one parameter depends on the input, i.e. a grid-
search is required; (iii) parameters meaning is not intuitive, e.g. it
has no biological meaning; (iv) the tool is not available on a pack-
age distribution platform, e.g. Bioconductor or pip/conda. If a
tool has none of the previously introduced features is assigned
to the maximum score of 4; otherwise, the scoring is reduced to
a minimum of 1. Documentation score is assigned as follows: 1
indicates that the authors did provide neither a documentation

nor a detailed tutorial, 2 indicates that the authors provided a
tutorial but did not write a detailed explanation for the param-
eters, 3 indicates that a detailed tutorial is available and 4 indi-
cates that the authors provided both a detailed tutorial and a full
explanation of all parameters. Finally, we indicate both whether
the program is maintained, i.e. updated in the past 2 years, and
the programming language on which the tool was implemented.

Discussion
We presented a review of the current state-of-the art of compu-
tational approaches for denoising and imputation of scRNA-seq
data. Extensive tests on both real and synthetic datasets allowed
to evaluate the performances and the robustness of each method
under different experimental scenarios.

In light of the presented results, distinct methods appear
to be more suitable for different tasks. In particular, ENHANCE,
MAGIC, SAVER, and SAVER-X provide the best overall compro-
mise and show robust performances with respect to all consid-
ered tasks. In addition to such methods, bayNorm and DrImpute
are especially effective in recovering the true expression pro-
files and imputing dropout entries, while kNN-smoothing and
scVI in improving the characterization of cell similarity and the
grouping of single cells in coherent subpopulations, as well as
the identification of DEGs.

We also note that, as expected, most methods appear to
struggle with non-UMI full-length datasets, likely due to the
low number of observations (cells) as compared with the high
number of variables (genes). Furthermore, as already mentioned
and as reported in [110], denoised expression values returned
by any method should be considered with caution, due to the
presence of possible artifacts, as proven by the low correlation
with GT expression profiles from simulations recorded in many
cases and, particularly, with non-UMI full-length datasets.

By focusing on machine learning frameworks, we notice
that methods that employ assumptions on biological variability
and technical noise (i.e. DCA, SAVER-X, scVI) typically exhibit
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Figure 8. Summary of the performance assessment on denoising and imputation methods. The five leftmost panels report a schematic ranking of all 19 tested

denoising and imputation methods, as computed on a selected panel of synthetic and real-world datasets, in terms of average Spearman correlation delta for zero

entries of the NEM (for imputation of dropout events), average Spearman correlation delta on the whole expression matrix (for recovery of gene expression profiles),

average silhouette delta (characterization of cell similarity), average Spearman correlation delta (identification of DEGs) and computation time. The size of each round

marker is proportional to the ranking, with the largest (green) dots corresponding to the best performing tool and the smallest (red) dots to worst performing tool, with

respect to the considering metric. The task panel indicates whether the method can perform either denoising or imputation tasks. Finally, the rightmost panel reports

a summary of a quality code metrics that were used to evaluate the different tools in terms of usability, documentation, maintenance and availability (please refer to

the Methods section (Summary of the performance assessment on denoising and imputation Methods) for further details).

better performances, hinting at the importance of including
prior knowledge to inform the learning algorithms. Model-
based methods present a typically good performance in both
imputation and expression recovery, yet at a usually high com-
putational cost, and generally showing suboptimal performance
in cell similarity enhancement. Matrix theory-based techniques
show good performance in terms of characterization of cell
similarity, in addition to noteworthy scalability, even with large
datasets. Finally, data smoothing approaches present typically
good performances, yet with significant differences according
to the specific task.

All in all, the performance of all methods appear to be highly
dependent on the specific features of the dataset, as very distinct

results are observed for the same method in different experi-
mental scenarios, as recapped in Figure 8. This summary should
guide potential users in selecting an optimal method according
to the research needs and the available data types.

We further note that a review on a similar subject can be
found as a preprint in [35]. Despite achieving similar conclusions
on several methods included in our review, such work does
not include comparisons on simulated data, which allow to
evaluate a number of metrics with respect to the GT. For instance,
certain methods that were identified as highly performing in
[35], appear to struggle in dealing with true expression profiles
recovery, an effect that can be evaluated only via simulations.
The virtually unlimited number of in silico scenarios that can

10 s
1 m 1 2 h 27 h

Time scale
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be generated via methods such SymSim [89] suggests that simu-
lations should be increasingly used to quantitatively assess the
performance of data science methods and especially to test the
robustness of their results.

Possible limitations of our assessment might be related to
the application of most methods with default parameters, while
one can expect improvements when fine tuning the parameters.
In this respect, setting guidelines provided by the authors were
followed when present and appear to be extremely beneficial to
increase the overall usability and performance of the methods.

We also recall that for some methods, such as those based on
AEs, it would be possible to use the latent variable space to per-
form single-cell clustering, while in our analysis we chose to use
the denoised expression profiles, to provide a fair comparison
for all methods.

We finally remark that scalable methods for denoising of
single-cell transcriptomic data might pave the way for refined
downstream analyses, for instance, by improving the reliability
and accuracy of variant calling pipelines from scRNA-seq data
to provide an accurate mapping of genotype and phenotype of
single cells [111, 112], as well as by allowing a better estimation
of metabolic fluxes from scRNA-seq data in the investigation of
cancer metabolism [113, 114].

Key Points
• Extensive tests on synthetic and real datasets pro-

vide a quantitative assessment of the performance of
denoising and imputation methods in distinct scenar-
ios.

• Some methods are effective in improving the char-
acterization of cell similarity, some others in recov-
ering the true gene expression profiles and imputing
dropouts.

• Appropriate assumptions on the noise model are ben-
eficial to recover lost information.

• Overall, ENHANCE, MAGIC, SAVER and SAVER-X con-
stitute a good compromise on all tasks.

• Corrected expression values returned by any method
should be considered with caution in downstream
analyses.

Supplementary Data

Supplementary data are available online at https://academi
c.oup.com/bib.

Data availability

The source code used to replicate all our analyses, including
synthetic and real datasets, is available at this link: https://
github.com/BIMIB-DISCo/review-scRNA-seq-DENOISING.
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2.3 Data type II: generation of mutational profiles
From BAM files to VCF files

In general, any experiment producing nucleotide sequences can be used to retrieve genetic
mutations.

DNA-sequencing methods, such as whole-genome (WGS), whole-exome (WES) or
targeted sequencing [67, 202, 211], allow the reconstruction of either the whole DNA
sequence, the protein-coding regions of the genome, or specific genomic regions, respec-
tively, thus permitting to naturally detect the mutations with respect to a reference
genome. However, even the sequencing technologies designed for different purposes,
such as RNA-seq, ATAC-seq or ChIP-seq, generate reads which can be exploited to this
end [56, 242].

In fact, BAM files generated from the alignment of sequences can be used to assess the
presence of genomic alterations, e.g., single-nucleotide (SNV), structural variants (SV),
etc. Notice that SVs involve large genome regions (i.e., > 50 base pairs bp), often include
complex genetic rearrangements, and are more difficult to identify with respect to the
single-nucleotide variants. For instance, in contrast to SNVs, SVs can cover a relevant
portion of a sequenced read or even be larger than the read length, thus complicating
mapping and requiring specific variant calling tools [187]. We highlight that, in our
analyses, we focused on single-nucleotide variants (SNVs), discarding other kinds of
mutations such as insertion-deletion (indels), focal copy number variations (CNVs), or
other genomic aberrations [121]. For this reason, SNV, variant, and mutation are used
in our works as synonyms.

After obtaining BAM files, SNVs can be called comparing the aligned reads
string with the corresponding substring on a proper reference genome. Reference
genomes are available for a broad range of species. In section 2.1.3, we introduced
the SARS-CoV-2 reference genome, while human samples are usually aligned using
the genome GRCh38 produced and curated by the Genome Reference Consortium
(ncbi.nlm.nih.gov/grc/human). Variant caller tools [185] produce a Variant Calling
Format (VCF) file [45] from each BAM file. The VCF file includes a list of genetic
variations and rich annotations.

We can distinguish two classes of single nucleotide variants: (i) germline mutations
and (ii) somatic mutations. The former are inherited from the parents and are present
in all the cells of an individual. The latter emerge after conception, due to random
errors or mutational processes. Notice that, while germline mutations are called Single-
Nucleotide Polymorphisms (SNPs) and are distributed in a human population with a
known frequency defined as Minor Allele Frequency (MAF), their somatic mutation
counterparts are called Single-Nucleotide Variants (SNVs).

Most somatic mutations are neutral, i.e., they do not impair the cellular functions,

https://www.ncbi.nlm.nih.gov/grc/human
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but sometimes they can induce a transformation in a cell, leading to cancer or other
diseases (i.e., driver events). Thus, it is necessary to distinguish somatic from germline
mutations in cancer research. Typically, to achieve this goal, germline mutations are de-
tected and filtered out by genotyping a healthy tissue from the same patient or exploiting
public databases, such as dbSNP [20].

In the next paragraphs, we briefly report the approaches designed to retrieve muta-
tions from bulk, single-cell and viral sequencing experiments. Although NGS technolo-
gies are similar for such experiments (see section 2.1), the noise model, the assumptions,
and the resulting mutational profiles are different.

Bulk sequencing experiments. The Broad Institute collected bioinformatic
tools in a Genome Analysis Toolkit (GATK) to perform Variant Discovery in
High-Throughput Sequencing Data, also maintaining the pipeline to call point
somatic mutation from bulk FASTQ files, obtained from bulk RNA sequencing
experiments (gatk.broadinstitute.org/hc/en-us/articles/360035531192-RNAseq-short-
variant-discovery-SNPs-Indels-). Note that, in paper P#2, we proved that the same
workflow can be successfully applied to single-cell data as well.

VCF files resulting from the pipeline (one for each samples) can be combined to
produce a continuous-value matrix, which includes samples on the rows and mutations
on the columns. Each patient’s tissue, biopsy or sample sequenced with bulk approach
returns one mutation profile.

Single-cell sequencing experiments Reliable mutation profiles can be obtained
only from BAM files generated with a full-length protocol, but, in general, it is still not
possible to use BAM files from UMI-based ones (despite a notable exception proposed
in [191]). The principal reason is that the latter produces a lower number of reads that
cover only a tiny portion of one transcript end. Instead, full-length sequencing produce
a more uniform coverage on the transcriptome. Different variant calling methods exist
and have been applied to retrieve mutation profile from single-cell RNA-seq data [195].

With single-cell experiments, mutations are unequivocally assigned to any single cell.
The number of reads with the mutation should correlate with the number of DNA copies
carrying the mutations, which are two in a diploid organism. So, it is also expected that
a somatic mutation accumulated during the tumour progression should be observed only
in about half of the reads, because it hits only one of the DNA molecules. Unfortunately,
different noise sources can affect this value. Primarily, if RNA-seq data are used, genes
are differentially expressed, and sometimes, only one chromosome is actively transcribed
(i.e., allele-specific expression [24]). Moreover, genetic aberrations (e.g., loss of het-
erozygosity) or sequencing errors (e.g., allelic dropout) may affect the fraction of reads
displaying the mutations (also with DNA sequencing experiment). Please, see figure 2.2

https://gatk.broadinstitute.org/hc/en-us/articles/360035531192-RNAseq-short-variant-discovery-SNPs-Indels-
https://gatk.broadinstitute.org/hc/en-us/articles/360035531192-RNAseq-short-variant-discovery-SNPs-Indels-
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for an example of alignment of scRNA-seq reads.
Finally, mutations observed in a small number of reads (e.g., less than %5 of the

total coverage) are usually discarded, since they may be related to sequencing artefacts.
In our workflow, mutations selected after quality control and filtering are binarized,
and considered as either present or absent in a given single cell. Thus, the single-cell
mutational profile is represented as a binary matrix with cells as rows and mutation as
columns.

ACTB
Gene

SRR7622457.bam Coverage

SRR7622457.bam

SRR7622377.bam Coverage

SRR7622377.bam

SRR7622217.bam Coverage

SRR7622217.bam

SRR7622177.bam Coverage

SRR7622177.bam

SRR7622081.bam Coverage

SRR7622081.bam

5.527.000 bp 5.528.000 bp 5.529.000 bp

2.979 bp

chr7

p22.1 p21.2 p15.3 p14.3 p14.1 p12.3 p11.2 q11.21 q11.23 q21.12 q21.3 q22.2 q31.1 q31.31 q32.1 q33 q34 q36.1 q36.3

Figure 2.2: The figure reports the scRNA-seq reads alignment for five single cells col-
lected by the authors of [165] and downloaded from Sequence Read Archive (SRA) with
the corresponding identifier. Red arrows highlight the presence of cell-specific mutations.
In the magnified selection, it is possible to observe their heterozygosity, suggesting their
somatic nature. Only a portion of the ACTB gene locus in chromosome 7 is shown. A
green arrow indicates low coverage regions. Finally, it is possible to observe probably
noisy mutations present only in a few reads.

During my work, I first applied the tools and pipelines described above to call somatic
mutations from longitudinal cancer single-cell RNA-seq experiments. We evaluated the
feasibility of calling SNVs from such data in paper P#2, where we were able to asses the
genetic identify of cells. Then, we used the same approach to obtain the input data for
our new evolution inference framework presented in paper P#5.
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2.3.1 Pipeline for variant calling from scRNA-seq

The genotyping analysis of full-length scRNA-seq data is rarely applied, with some
exceptions [225], because of the high level of uncertainty usually present in the data.
Systematic reviews, such as [185], which test the performance of different variant caller
methods dealing with this particular kind of data, are necessary to prove the reliability
of the mutational profiles retrieved. However, assessing the effectiveness of detecting the
cellular identity in real-world scenario is a non-trivial task.

In this regard, involuntary help comes from Sharma and colleagues, authors of a
study about the divergent modes of chemoresistance in patient-derived oral squamous
cell carcinomas cell lines [165]. In brief, they produced multiple full-length scRNA-seq
datasets by sampling single cells in different time points: before therapy administration
(Pri), after the emergence of chemoresistance mechanisms (PCR), and after leaving the
resistant cell in a drug-free environment (PCRDH ). They performed the analyses for
cells obtained from two oncological patients (HN120 and HN137).

We planned to use such RNA-seq dataset to perform variant calling and use the
resulting mutational profile to infer the tumour evolution via our computational frame-
work (presented in paper P#5). Unfortunately, during the analyses, we noted that the
mutational profiles of the two replicates displayed inconsistent behaviours. In particu-
lar, HN120P cells were more similar to HN137PCR compared to HN120PCR ones, and
vice-versa. Alarmed by this unexpected observation, we performed further analyses. We
concluded that it is highly probable that the authors switched the identifier of the cell
cultures before sequencing. This mistake may have led to erroneous conclusions, so we
produced a Matter Arising paper to report our analyses and findings (currently under
review) (paper P#2).

All in all, we proved the efficacy of genotyping scRNA-seq to assess both the genetic
and the phenotypic heterogeneity of single cells.

Notice that we applied the same pipeline to obtain the somatic mutation profiles from
a longitudinal scRNA-seq dataset of patient-derived xenografts (PDXs) of BRAFV600E/K

mutant melanoma cells [163]. The resulting mutational profiles were used as input in our
inference framework to investigate the tumour evolution and the impact of the therapy
on the clonal structure. The study is presented in paper P#5. Details on the pipeline,
the employed tools and the parameter settings are reported in the corresponding GitHub
repository (see Appendix: Code repositories).
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ABSTRACT

Matters Arising from: Sharma, A., Cao, E.Y., Kumar, V. et al. Longitudinal single-cell RNA
sequencing of patient-derived primary cells reveals drug-induced infidelity in stem cell hierarchy. Nat
Commun 9, 4931 (2018). https://doi.org/10.1038/s41467-018-07261-3.

In Sharma, A. et al. Nat Commun 9, 4931 (2018) the authors employ longitudinal single-cell
transcriptomic data from patient-derived primary and metastatic oral squamous cell carcinomas cell
lines, to investigate possible divergent modes of chemo-resistance in tumor cell subpopulations. We
integrated the analyses presented in the manuscript, by performing variant calling from scRNA-seq
data via GATK Best Practices. As a main result, we show that an extremely high number of single-
nucleotide variants representative of the identity of a specific patient is unexpectedly found in the
scRNA-seq data of the cell line derived from a second patient, and vice versa. This finding likely
suggests the existence of a sample swap, thus jeopardizing some of the translational conclusions
of the article. Our results prove the efficacy of a joint analysis of the genotypic and transcriptomic
identity of single-cells.

The integration of omics data from single-cell sequencing experiments enables the analysis of cell-to-cell heterogeneity
at unprecedented resolution and on multiple levels [3]. This is especially relevant in the study of cancer evolution and
will be essential to shed light on the key mechanisms underlying intra-tumor heterogeneity, metastasis, drug resistance
and relapse [4]. In particular, scRNA-seq experiments are increasingly employed, typically in the characterization of
the gene expression patterns of single-cells in a variety of experimental settings [6]. However, an increasing number of
studies is proving that scRNA-seq data can be used to efficiently call genomic variants, thus providing an available and
cost-effective alternative to whole-genome/exome and targeted sequencing [5, 16]. Despite known pitfalls, such as the
impossibility of calling variants from non-transcribed regions and the typically high rates of noise and dropouts [9], the
mutational profiles so obtained can be promptly used to determine the identity of single-cells. This aspect is important,
for instance, in the analysis of the clonal evolution of tumors and in the detection of rare clones [11].

In [13], the authors employ single-cell transcriptomic data from patient-derived primary and metastatic oral squamous
cell carcinomas (OSCC) cell lines (from a previously characterized panel [1]), to investigate possible divergent modes of
chemo-resistance in tumor cell subpopulations. We integrated the analyses presented in the manuscript, by performing
variant calling from scRNA-seq data via GATK Best Practices [2]. On the one hand, this analysis may allow one to
reconstruct the longitudinal evolution of the tumor in presence of the treatment [10]. On the other hand, this allows one
to deliver an explicit mapping between genotype and phenotype of single cells, thus providing important hints on the
relation between clonal evolution and phenotypic plasticity. This might have a significant translational relevance, given



the current shortage of accurate and affordable technologies for DNA and RNA sequencing of the same cells, despite
the recent introduction of new protocols [7, 8].

In particular, we selected the scRNA-seq datasets of two cell lines derived from distinct OSCC patients – HN120 and
HN137 – which include different data points, marked with the following suffixes: -P (primary line), -M (metastastic
line), -CR (after cisplatin treatment), -CRDH (after drug-holiday). Since for the HN137P cell line two library layouts
are provided (single-end and paired-end), which we here consider separately, and no HN137MCRDH is provided, we
have a total of 12 datasets (all datasets are included in the GEO online repository, accession code GSE117872; please
refer to the original article [13] for further details on the experimental setup).

In detail, we selected single cells labeled as “good data” on the GEO repository e performed variant calling (the whole
procedure is described in detail in the Supplementary Material). 4, 924, 559 unique variants were detected on a total of
1, 116 single cells included in all datasets. Given the known limitations and the high levels of experimental noise of
scRNA-seq data, we then applied a number of quality-control filters on variants, to ensure high confidence to the calls
and to reduce the number of both false alleles and miscalls. In particular, we removed: (i) indels and other structural
variants – to limit the impact of possible sequencing and alignment artifacts, (ii) variants mapped on mitochondrial
genes, (iii) variants on positions with total read counts < 5 in > 50% of the cells in each time point – to focus the
analysis on well-covered positions, (iv) variants detected in less than 20% of both HN120P and HN137P (single-end)
cells – to focus on recurrent variants, (v) variants detected (≥ 3 alternative reads) in both HN120P and HN137P
(single-end) – to define a list of variants that clearly characterize the identity of the two primary cell lines. We finally
selected the variants observed in at least 1 cell (≥ 3 alternative allele reads, ≥ 5 total reads) of HN120P and in exactly
0 cells of HN137P (single-end), and the variants observed in at least 1 cell (≥ 3 alternative allele reads, ≥ 5 total
reads) of a HN137P (single-end) and in exactly 0 cells of HN120P.

As a result, we identified 67 single-nucleotide variants (SNVs) that are representative of HN120P cell identity, and
that are present in 0 cells of HN137P (single-end). Such variants are observed in high frequency in HN120P and in
HN137P (paired-end), HN137PCR, HN137PCRDH, HN137M, HN137MCR, whereas are not observed (< 1% of
the cells) in HN120PCR, HN120PCRDH, HN120M, HN120MCR, HN120MCRDH and HN137P (single-end). In
Figure 1A we display the mutational profiles of all single-cells in all datasets. The total allele reads matrix and the
alternative allele reads matrix for such variants are provided as Supplementary Table 1.

Analogously, we identified 112 unique SNVs that are strongly informative for HN137P (single-end) identity, and that
are present in 0 cells of HN120P (see Figure 1A). Such variants are observed in high frequency in HN137P (single-
end) and in HN120PCR, HN120PCRDH, HN120M, HN120MCR, HN120MCRDH, whereas are not observed
(< 1% of the cells) in HN137P (paired-end), HN137PCR, HN137PCRDH, HN137M, HN137MCR and HN120P.
Supplementary Table 2 includes a summary of the analysis, in which for each SNV we report: genome position,
reference and alternative alleles, rsID (if available), minor allele frequency (if available), the count and the ratio of
single cells displaying the variant (total read count >= 5, alternative read count >= 3) in each dataset, the average
total read count and the average alternative read count relative to the variant in each dataset.

From this analysis it is evident that the genotypic identity of HN120P cell line is inconsistent with that of the other
HN120 datasets and with that of HN137P (single-end), whereas it is consistent with that of the remaining HN137
datasets. Conversely, the genotypic identity of HN137P (single-end) cell line is inconsistent with that of the other
HN137 datasets and with that of HN120P, whereas it is consistent with that of all the other HN120 datasets. This
consideration holds whether such SNVs are either germline or somatic, as genotypes are unquestionable footprints
of cell identity (notice also that 177 on 179 variants have a rsID). These surprising results can be hardly explained by
cancer-related selection phenomena, by random effects, or by sampling limitations. Instead, these observations suggest
the presence of a methodological issue, which might be explained by a label swap of samples HN120P and HN137P
(single-end).

This hypothesis is further supported by the single-cell transcriptomic analysis, which we performed via Seurat [15]
(details are provided in the Supplementary Material). In Figure 1B one can find the t-SNE plot as computed on the 1000
most variable genes and in which single-cells are colored according to dataset label. Consistently with the genotype
analysis, the transcriptomic analysis of single-cells highlights the presence of two distinct clusters, the first one including
HN120P cells and all cells from HN137 datasets, excluded HN137P (single-end), the second one including HN137P
(single-end) cells and all cells from HN120 datasets, excluded HN120P.

Unfortunately, we believe that this methodological error might have led to erroneous conclusions in [13, 14, 12]. In
[13], for instance, the authors state that HN137 cell line is comprised of a mix of epithelial (ECAD+) and mesenchymal
(VIM+) cells, whereas the HN120 cell line would include phenotypically homogeneous population of ECAD+ cells.
However, by looking at the expression level of VIM (Figure 1C), one can clearly notice that this gene is up-regulated
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Figure 1: (A) The heatmap including the mutational profiles of all single cells of the HN120 and HN137 datasets is
displayed (-P: primary line, -M: metastastic line, -CR: after cisplatin treatment, -CRDH: after drug-holiday). Red
entries mark cells displaying a variant. For the ID of single-cells and SNVs please refer to Supplementary Table 1 and 2.
(B) The t-SNE plot generated from the gene expression profiles of all single cells for all datasets is shown. (C) The
distribution of the expression level of VIM on all single cells is shown with boxplots for all datasets.

in HN137P (single-end) and in all HN120 datasets, excluded HN120P, whereas is down-regulated (median = 0) in
HN120P and in all HN137 datasets, excluded HN137(single-end).

Furthermore, in [13] the authors state that, in presence of cisplatin treatment, the heterogeneous HN137P cells
demonstrate a progressive enrichment of ECAD, and the gradual depletion of VIM+ cells, until the latter get extincted.
Conversely, from the supposedly homogeneous ECAD+ population of HN120P cells, the authors report the de novo
emergence of VIM+ cells after two weeks of treatment. In order to explain this unexpected phenomenon, the authors

3



invoke the presence of a covert epigenetic mechanism that emerges under drug-induced selective pressure. Instead, we
believe that this result might be easily explained by a label swap of HN120P and HN137P (single-end), as confirmed
by the genotypic and transcriptomic analyses presented above (see Figure 1).

To conclude, the results presented in this work prove the efficacy of a joint analysis of the genotypic and transcriptomic
identity of single-cells. Accordingly, this might represent a powerful instrument to uncover the elusive genotype-
phenotype relation and to investigate the complex interplay underlying cancer evolution and drug resistance.

Data availability

A repository including data and scripts to replicate the analyses is available at this link:
https://github.com/BIMIB-DISCo/oral_squamous_longitudinal.
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2.3 Data type II: generation of mutational profiles 63

Sequencing of viral samples. Viral samples, collected from infected hosts, can be
sequenced using pipeline presented section 2.1.3. Like for single-cell data, different vari-
ant calling tools can be applied to retrieve mutation profiles. For examples, VarScan 2
[54] can be applied to produce VCF files for each viral samples including point muta-
tions. The result is a continuous-value matrix which reports samples on the rows and
mutations on the columns.

Like bulk data, which are a mixture of subpopulations, viral samples collected from
human hosts are a mixture of virions (also called quasispecies) [50]. After variant calling,
one obtains the frequency of the distinct viral mutations. Each mutation frequency
reflects its presence in the corresponding portion of virions. Thus, we can distinguish
two classes of mutations: (i) clonal (also named as fixed) mutations and (ii) intra-host
minor mutations. The mutations in the former class display a high frequency (typically
larger than 50%), and are included in the corresponding consensus sequences. Intra-
host minor mutations, instead, are more likely to have emerged after the infections, so
they are host-specific. Given the low frequency, such mutations are not included in the
consensus sequences.

In this work, we designed methods to exploit both clonal and intra-host viral muta-
tions profiles. In paper P#6, we used both mutation types to improve the reconstruction
of the viral evolution, whereas in paper P#7 we used only intra-host minor mutations
to reconstruct the mutational signatures underlying mutational processes.

In addition, we developed a dedicated pipeline to obtain VCF files from FASTQ
files of viral samples, which is released as a Nextflow (i.e., workflow manager system
[122]) file, so to provide an automated and user-friendly tool to call mutations from
distinct deep sequencing protocols. The pipeline is part of the published protocol for the
discovery of viral mutational signatures (named VirMutSig), included in the appendix
P#A1. The pipeline file is also provided in the corresponding GitHub repository (see
Appendix: Code repositories).





3
Methods for omics data analysis and integration

The research on new methods for omics data analysis and integration included in
this work can be divided into two main branches: (i) methods to exploit gene expression
profiles (section 3.1), (ii) methods to exploit mutational profiles (section 3.2).

An attempt to combine both omics data types in the context of cancer evolution is
also provided in section 3.2.1. Details on data generation for both cases can be found
respectively in Section 2.2 and 2.3.

3.1 Computational methods to exploit gene expression profiles

Stemming from my previous works on the topic [154, 175], during the PhD project
important efforts were devoted to exploit gene expression profiles generated via either
bulk or single-cell sequencing experiments (see section 2.2), for the evaluation of the
metabolic heterogeneity of biological samples in distinct experimental scenarios. In the
following, I discuss the results related to two main topics:

• Projection of gene expression profiles onto metabolic networks (section 3.1.1).

• Classification of cancer samples from the topological properties of metabolic net-
works (section 3.1.2).

Both topics are described in the following, together with the related articles.
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3.1.1 Projection of gene expression profiles onto metabolic networks

As anticipated in the introduction 1.1, metabolic reprogramming of cancer cells is needed
for the initiation and progression of the disease [123]. In fact, cancer cells alter their
metabolic pathways to sustain their proliferative behaviour, by increasing the bioener-
getic and biosynthetic demand. Cancer driver events and nutrient availability in the
tumor microenvironment determine the fluxes through the metabolic pathways (i.e., the
rate of turnover of molecules from substrates to products). The coupled action of driver
genetic alterations and environmental perturbations determine the heterogeneity ob-
served among oncological patients, and among the cancer cell subpopulations coexisting
in single tumors [241].

Metabolome data can provide systematic information about the molecular mecha-
nisms, and are suitable to help the identification of biomarkers for many diseases. Over-
all, metabolome data are complementary to genome and transcriptome data and allow us
to fill the gap between genotype and phenotype, defined as the functional output of the
biological interplay with the microenvironment. In principle, current high-throughput
technologies allow researchers to collect systemic information about the state of the
metabolism of a given tissue [145], even at a single-cell resolution [223].

Unfortunately, such technologies are still in their infancy, so publicly available
metabolomic datasets are rare, or include a limited numbers of metabolites [233], in
particular for single-cell experiments [216]. To overcome this limitation, one can exploit
the gene expression profiles generated via either bulk or single-cell RNA-sequencing
experiments (see Section 2.2) to characterize the metabolic states of a given biological
sample. In this regard, it is first important to delineate how cellular metabolism is
usually modelled.

Metabolic networks. Cellular metabolism is usually represented as a network of bio-
chemical reactions either via genome-scale models [82, 143] or core models, which repre-
sent only a selected portion of the whole metabolism [118]. The network is represented
with a bipartite digraph where nodes are either reactions or metabolites. More in detail,
metabolites (substrates) are connected to a reaction, which is linked to other metabo-
lites (products). Metabolic networks are integrated with further information, such as the
Gene-Protein-Reaction (GPR) associations, i.e., logical formulas that describe how gene
products concur to catalyze a given reaction. In particular, a functional enzyme can
exist in different isoforms, which can be composed of many subunits. Isoforms and sub-
units are synthesized by specific genes. So, GPRs describe how gene products constitute
a functional enzyme.

Projection of gene expression profiles. In [154] we propose a method called
Metabolic Reaction Enrichment Analysis (MaREA) to project the gene expression
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profiles, obtained as described in section 2.3, onto a metabolic network, so to estimate
the metabolic activity of a given sample. The idea is to consider the gene expression
levels associated with a given reaction as a proxy of its activity. More specifically,
the rate of transformation from substrates to products via a biochemical reaction
correlates with the abundance of the corresponding catalytic enzyme, which in turn, is
a function of the corresponding gene expression levels. Thus, we proposed to exploit
gene expression profiles to compute a Reaction Activity Score (RAS) for each reaction
included in a given metabolic model, so to obtain a reaction score profile for each
sample in the original dataset. Notice that this approach is general and can be applied
to either bulk or single-cell transcriptomic data.

Metabolic stratification of cancer samples. In [154], we computed the RAS pro-
files of a large number of breast cancer patients obtained from The Cancer Genome Atlas
TCGA Research Network: https://www.cancer.gov/tcga. Thanks to clustering analysis,
we could identify homogeneous groups with similar survival expectation.

Performing such analyses is often difficult for people not skilled in computer science,
as the necessary bioinformatics tools tend not to be easy to install or do not provide
a clear interface. Fortunately, platforms such as Galaxy Project [142] are designed to
provide a user-friendly graphical interface and a repository of pre-installed computational
tools to a broad range of researchers with different backgrounds. We have decided to port
our method MaREA on the platform, so that it can become part of workflow analyses of
gene expression data. In addition, we have also recently installed a server in the Elixir
infrastructure that one can freely use to perform our analysis. The related application
note P#3 is presented below.

https://www.cancer.gov/tcga
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We present MaREA4Galaxy, a user-friendly tool that allows a user to characterize and to graphically com-
pare groups of samples with different transcriptional regulation of metabolism, as estimated from cross-
sectional RNA-seq data. The tool is available as plug-in for the widely-used Galaxy platform for compar-
ative genomics and bioinformatics analyses. MaREA4Galaxy combines three modules. The Expression2RAS

module, which, for each reaction of a specified set, computes a Reaction Activity Score (RAS) as a function
of the expression level of genes encoding for the associated enzyme. The MaREA (Metabolic Reaction
Enrichment Analysis) module that allows to highlight significant differences in reaction activities
between specified groups of samples. The Clustering module which employs the RAS computed before
as a metric for unsupervised clustering of samples into distinct metabolic subgroups; the Clustering tool
provides different clustering techniques and implements standard methods to evaluate the goodness of
the results.

� 2020 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In the last recent years, life sciences have witnessed a renewed
focus on phenotype level phenomena. Accordingly, there has been
an increasing attention towards cellular metabolism, which is
regarded as the ultimate level of phenotype, reflecting the
response of biological systems to regulatory and environmental
changes.

Alteration of metabolic processes plays a pivotal role in many
pathologies, such as cancer, metabolic syndromes, neurodegenera-
tive diseases [10,16], as well as in aging processes [12].

Although quantification of metabolites has become more and
more feasible [9], the difficulty of inferring changes in metabolic
pathways based on metabolomics data [3] is pushing the need to

understand metabolic alterations by leveraging gene expression
data.

To this end, computational strategies are being proposed to
integrate –omics data into metabolic networks [13,18,14]. Within
this context, we have recently introduced the pipeline MaREA

(Metabolic Reaction Enrichment Analysis) [8]. MaREA character-
izes the metabolic disregulations that distinguish sets of individu-
als, by projecting RNA-seq data onto metabolic networks, without
requiring explicit metabolic measurements.

MaREA computes a Reaction Activity Score (RAS) for each meta-
bolic reaction and each sample/individual, based on the read count
of the set of genes that encode the catalyzing enzyme(s). The scores
are first used as features for cluster analysis and then to visualize
the metabolic disregulations that distinguish the identified clus-
ters, in a form understandable to life scientists.

In [8], we have demonstrated thatMaREA can efficiently stratify
cancer patients according to their metabolic activity, as proven by
significantly different survival expectancy. Moreover, MaREA

proved to be able to readily capture metabolic differences between
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two conditions, such as the properties that distinguish normal
from tumor samples.

TheMaREA pipeline is highly versatile and can be applied to vir-
tually any study aiming at comparing the metabolism of samples
in different conditions or experimental settings.

In [8], we released a MATLAB-based tool that implements the
methodology. However, some technical barriers current limit the
application of the pipeline: MATLAB is a proprietary software and
many life scientists do not have the software licence; moreover,
the tool is not web-based and, therefore, it requires local resources;
also, most life scientists are not familiar with the MATLAB
environment.

To overcome these limitations, we present here the freely avail-
able open source web-based tool MaREA4Galaxy which embeds the
MaREA pipeline within the widely-used platform Galaxy [1].

Galaxy is a user-friendly web-based workflow system that
allows biomedical researchers to use computational biology tools
even without sophisticated computer science skills.

As compared to other user-friendly web-based metabolic net-
work visualization tools, such as Escher [11] or Fame [2], which
mainly focus on Flux Balance Analysis, MaREA4Galaxy specifically
enables metabolic reaction enrichment analysis of gene expression
data which may have been obtained directly within the Galaxy
environment, for instance by using Galaxy tools to produce read
counts from raw RNA-seq data.MaREA4Galaxy automatically recog-
nizes most common gene nomenclature systems. It also enables
cluster analysis of samples based on reaction activities, as well as
on any other features. The cluster analysis module implements
new functionalities, as compared to the previously released
MATLAB-based MaREA tool. New clustering algorithms have been
included, as well as new instruments for the evaluation of cluster-
ing goodness and for the selection of optimal number of clusters.

Moreover, MaREA4Galaxy inherits the benefits of Galaxy. In par-
ticular, Galaxy allows to build multi-step computational analyses.
It allows users to upload their own data, as well as to interface with
public databases, and enables researchers to perform the text

manipulation required to properly format data for analysis without
requiring advanced programming skills. Galaxy can be down-
loaded, customized and installed either locally or on a dedicated
server. It also provides a comprehensive documentation.

In order to illustrate the functionalities of MaREA4Galaxy, we
show a novel example on real data obtained from The Cancer Gen-
ome Atlas (TCGA) [17]. In particular, we perform an unsupervised
cluster analysis of the gene expression of liver hepatocellular car-
cinoma tumors and we analyze the obtained clusters.

2. Implementation and availability

Following the recommendation by Galaxy’s core developers’
team, the back-end development of MaREA4Galaxy is based on
Python and the front-end development on XML. The interaction
between front-end and back-end is based on the template engine
Cheetah. MaREA4Galaxy is built on top of the following libraries:
lxml, svglib, reportlab, pandas, scipy, python-libsbml,
matplotlib, numpy and scikit-learn for clustering analysis.

MaREA4Galaxy is stored in a versioned code archive in ToolShed,
at: https://toolshed.g2.bx.psu.edu/repos/bimib/marea. ToolShed
allows the administrators of the hundreds of public and private
Galaxy servers worldwide to easily install MaREA4Galaxy, as well
as any other Galaxy utility, into their instances.

Once installed,MaREA4Galaxy appears in the Galaxy toolbar (left
bar) under the name MaREA (see Fig. 1 for an example). A demo of
MaREA4Galaxy is available at:http://bimib.disco.unimib.it:5555.

3. Functionalities and workflow

MaREA4Galaxy processes datasets stored in the history panel of
Galaxy. These datasets can be uploaded directly from the user’s
computer as structured text file by using, e.g., the Galaxy built-in
tool Get Data, or obtained as output of intermediary analyses per-
formed with other tools.

Fig. 1. Screenshot of theMaREA4Galaxy interface. The module for RAS computation is illustrated. In particular, the built-in (default) HMRcore GPR rules are chosen. In the ‘add
dataset’ field there is the RNA-seq dataset which has been previously uploaded and that appears in green in the History panel on the right.
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MaREA4Galaxy consists in three interconnected modules that
may also work independently.

� The RASs computation module (Expression2RAS).
� The metabolic reaction enrichment analysis module (MaREA).
� The cluster analysis module (Clustering).

As better detailed in the following sections, the Expression2RAS

module computes a RAS for each reaction in each sample. The
MaREA module allows to visualize on a metabolic map the meta-
bolic reactions that are up- or down- regulated in different groups
of samples either defined a priori or identified by the Clustering

module. The Clusteringmodule allows to identify sample subgroups
(or clusters) that share similar metabolic properties, ideally by
employing the RAS computed by the Expression2RAS module. Any
other data can however be used as feature for unsupervised clus-
tering of samples. The metabolic differences between the clusters
thus obtained can, in turn, be analyzed with the MaREA module.

3.1. Computation of reaction activity scores

The Expression2RAS tool selects and extracts metabolic genes
from a gene-expression dataset and, by solving Gene-Protein-
Reaction (GPR) association rules, computes a Reaction Activity Score
(RAS) for metabolic reactions of interest, as illustrated in [8]. The
assumption is that enzyme isoforms contribute additively to the
overall activity of a given reaction, whereas enzyme subunits limit
its activity, by requiring all the components to be present for the
reaction to be catalyzed [8].

3.1.1. Input
The Expression2RAS tool (Fig. 1) takes two main inputs: 1) the

list of GPRs; 2) the normalized read count of genes from a given
cross-sectional RNA-seq dataset, as, e.g., RPKM (Reads per Kilobase
per Million mapped reads) or TPM (Transcripts Per Kilobase
Million).

The first input is a representation of the metabolic model being
studied and it is basically a dictionary (key-value data structure),
which associates a set of genes to each metabolic reaction. Both
reactions and genes must be defined by a unique identifier.

Boolean operators AND and OR define the relationship between
genes and enzymes. The AND operator joins genes that encode for
different subunits of the same enzyme, whereas the OR operator
joins genes that encode for isoforms of the same enzyme.

For the user’s convenience, two human metabolic network
models have been made directly available within the tool: HMRcore

and Recon 2.2. HMRcore corresponds to the set of GPR rules
included in the core model of central carbon metabolism intro-
duced in [6] and was used and curated in [4,7,5,8], whereas Recon

2.2 [15] is a genome-wide model encompassing virtually all reac-
tions encoded in human metabolism. However, the user can also
opt to upload any custom metabolic network model of her/his
choice.

The ID of genes in the dataset must of course coincide with the
ID used in the GPR rules. In case built-in GPRs are used, the follow-
ing gene nomenclatures are automatically recognized: HUGO ID,
Ensemble ID, HUGO symbol, Entrez ID.

In case of missing expression value, referred to as NaN (Not a
Number), for a gene joined with an AND operator in a given GPR
rule, the user can choose to solve the rule ‘A AND NaN’ as A, or
to disregard it tout-court (i.e., treated as NaN).

3.1.2. Output
The tool simply returns as output a dataset reporting the RAS

computed for each sample for each reaction in the chosen meta-
bolic network. The RAS dataset is displayed in the History panel.

3.2. Metabolic reaction enrichment analysis

The MaREA tool statistically compares the RAS of user-defined
groups of samples [8] and visualizes the identified differences.

According to the user’s preference the tool performs the follow-
ing comparisons.

� Pairwise comparison of each group against all other groups.
� Comparison of each group against the rest of the samples.
� Comparison of each group against a user-defined control group.

3.2.1. Input
The MaREA tool (Fig. 2) takes as main input the Reaction Activ-

ity Scores of each sample, as computed by the Expression2RASmod-
ule and, if given, the eventual partition of samples/patients into
distinct classes.

The input RAS dataset can be organized in two alternative ways:
1) two or more separate RAS datasets, each relative to a different
set of samples/patients; 2) a unique RAS dataset for all samples/pa-
tients, plus a file that associates to each sample its affiliation to a
set.

As (optional) input, the user may also supply a graphical map of
the metabolic network for an efficient visualization of the analysis
outputs. If the HMRcore model is chosen, the corresponding map is
included within the tool and does have not to be uploaded. The
metabolic map format is a svg file, reporting metabolites and
products of each reaction linked with an arrow, whose ID matches
the name of the reaction in the GPR file.

The following advanced options can also be displayed and
specified.

� The P-Value threshold, used for significance Kolmogorov-
Smirnov (KS) test, to verify whether the distributions of RASs
over the samples in two sets are significantly different.

� The threshold of the fold-change between the average RAS of
two groups. Among the reactions that pass the KS test, only
fold-change values larger than the indicated threshold will be
visualized on the output metabolic map.

� optional outputs to be displayed in the History panel.

The reader is referred to [8] for further theoretical aspects
regarding the options above, whereas further technical details
regarding formatting of input files are available in the help section
in Galaxy.

3.2.2. Output
MaREA returns for each evaluated comparison, a collection out-

put in the History including the following items.

� A table reporting the fold-change between RASs and p-value of
the Kolmogorov-Smirnov test.

� The modified metabolic map (whenever supplied as input).
Reactions up-regulated in the first class as compared to the sec-
ond class are marked in red, whereas reactions down-regulated
in the former are marked in blue. Thickness of arrows is propor-
tional to the fold-change between the average RASs of the two
classes. Non-Classified reactions, i.e., reactions without infor-
mation about the corresponding gene-enzyme rule, are marked
in black. Reactions that display a non-significant p-value or a
RAS fold-change below the threshold are marked in gray color.
The pdf of the map can be directly visualized within Galaxy. The
user can also download the svg format of the map in order to
apply changes.

� A log file, reporting possible warning or error messages. Prob-
lems that prevent the pipeline’s functioning, such as wrong for-
mat of files, gene ID type not supported or duplicated IDs,
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insufficient number of classes, as well as minor problems, such
as extra-columns, duplicated labels, missing gene values, or
empty classes, are properly notified in detail.

3.3. Cluster analysis

The Clustering tool has been conceived to cluster gene expres-
sion data, by using the RAS scores computed by MaREA4Galaxy as
features, given its efficacy in stratifying cancer patients according
to metabolic phenotype, as demonstrated in [8]. However, it is sui-
ted to cluster observations in any dataset in which rows indicate
different variables/features and columns different observations.

The Clustering tool implements three of the main existing algo-
rithms to cluster data, namely: K-means, agglomerative clustering
and DBSCAN (Density Based Spatial Clustering of Applications with
Noise). Parameters and outputs of the tool are specific of each algo-
rithm as briefly described in the following. A screenshot of this fea-
ture of the tool is reported in Fig. 3.

3.3.1. K-means
Given that K-means clustering requires the number of clusters k

to be set by the user, and that it is usually difficult to know the cor-
rect number of clusters a priori, the Clustering tool allows to evalu-
ate different values of k and provides standard methods to
estimate the goodness of each clustering in order to choose the
best one. In particular, the elbow plot is generated, which allows
to identify the ‘‘elbow” (the point of inflection on the curve) as
the best candidate. The tool also generates a silhouette plot for each
k, which reports the cohesion and the separation indexes of each
element. The tool also computes the silhouette score of each ele-
ment, as well as the average silhouette of each k, returning the k
with the best (highest) silhouette. The user can specify the mini-
mum and maximum number of clusters to be evaluated and
whether elbow and dendrogram plots must be generated.

3.3.2. Agglomerative clustering
In the case of agglomerative clustering, the hierarchical output

illustrated by the dendrogram facilitates the choice of the best
clustering. The Clustering tool returns the set of clusters obtained
when cutting the dendrograms at different points. The user can
specify the minimum and maximum number of clusters to be
tested and whether the dendrogram plot must be generated.

3.3.3. DBSCAN
The DBSCANmethod automatically chooses the number of clus-

ters, based on parameters that define when a region is to be con-
sidered dense. Custom parameters may be used, namely the
maximum distance between two samples for one to be considered
as in the neighborhood of the other and the number of samples in a
neighborhood for a point to be considered as a core point.

4. Application example

To illustrateMaREA4Galaxy functioning, we show here an exam-
ple of application. We analyze a liver hepatocellular carcinoma
RNA-seq dataset taken from the TCGA pancancer study, including
372 patients. The original data is available at:http://download.
cbioportal.org/blca_tcga.tar.gz.

The goal of our example is to identify patients’ cohorts with dif-
ferent metabolic features, without assuming any prior knowledge
about the dataset. To this end, we first upload our dataset in the
History panel of Galaxy by means of the Get Data tool. Based on
the HMRcore metabolic map, we then compute the RAS for each
reaction in each patient, by means of Expression2RAS tool, see Fig. 1.

We then switch to the Clustering tool and we select as input
dataset the RASs computed before. As a proof of principle, we
choose K-means as clustering algorithm. We test a number of clus-
ters k from 2 to 5, and we indicate that we want to generate both

Fig. 2. Screenshot of the MaREA4Galaxy interface. The module for metabolic reaction enrichment analysis is illustrated. The input format option ‘RNAseq dataset of all
samples + sample group specification’ has been selected and the best clustering obtained with the k-means algorithm in the History has been selected as sample group
specification.
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elbow and silhouette plots for each tested k (see a screenshot of the
tool in Fig. 3).

The execution of the tool returns the clustering output for each
value of k, and indicates as best clustering the one that maximizes
the average silhouette coefficient. In this case, the tools returns
k ¼ 2 as the best clustering. The generated elbow and silhouette
plots are reported in Fig. 4. It can be noticed that, although we have
identified a good stratification of liver cancer patients, by qualitative
observation of the elbow plot one may also choose k ¼ 3 as best
clustering.

Finally, we can use the MaREA tool to promptly analyze the dif-
ferences between the two patients’ cohorts. As shown in the
screenshot in Fig. 2, we select this time the input format option
‘RNAseq of all samples +sample group specification’ and we select
the best clustering output obtained with Clustering as sample group

specification file. We flag the option of generating the pdf map and
once we execute the tool we obtain the map reported in Fig. 5.

Although a few reactions significantly differ between the two
cluster, an expert who is familiar with this classical representation
of central carbon metabolism can immediately notice (Fig. 5) the
main metabolic features that distinguish the two patients
cohorts.

For example, in the first group, the upper glycolytic pathway is
up-regulated, whereas lower glycolysis, upstream of lactate pro-
duction, is down-regulated. Lactate production from pyruvate is
instead up-regulated, indicating that pyruvate production derives
from alternative routes, such as from the amino acid serine derived
from glucose. The reactions that go from serine to pyruvate are
indeed up-regulated. Other differences involve the utilization of
glutamine and synthesis of amino acids derived from glutamine,

Fig. 3. Screenshot of theMaREA4Galaxy interface. The module for cluster analysis is illustrated. The RAS computed by theMaREA tool have been selected as input dataset and
K-means has been chosen as clustering method. 2 to 5 number of clusters will be tested. The elbow and silhouette plots will be generated.

Fig. 4. Evaluation of clustering goodness byMaREA4Galaxy. Left panel: elbow plot generated by the Clusteringmodule, showing an elbow for k ¼ 3. Right panel: silhouette plot
generated by the Clustering module for k ¼ 2, which has been returned as best clustering according to the average silhouette score reported in the plot’s title.
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such as asparagine and aspartate, as well as production of putres-
cine and urea in the urea cycle.

5. Conclusion

We have shown how with a few intuitive steps, without the
need to set technical parameters, and in a very short time,MaREA4-

Galaxy enables to uncover and characterize the differences in meta-
bolic activity observed in different sample subgroups, as in the case
of cancer patients.

Being empowered by the well-known open and web-based
platform Galaxy for performing accessible, reproducible, and trans-
parent bioinformatics science,MaREA4Galaxy can support many life
scientists who may have little knowledge of computational meth-
ods for analyzing the metabolic variability underlying gene-
expression datasets, no matter whether collected in their labs or
available in public databases, thus paving the way to tackle meta-
bolic plasticity and heterogeneity.

As an example, we have shown a novel application of the
MaREA pipeline to liver hepatocellular carcinoma and we have
identified two groups with well distinct metabolic features. Inves-
tigating the implications of these differences is out of the scope of

this work. However, it would be interesting to analyze whether the
two groups of patients differ in other aspects, such as their progno-
sis, (epi) genomic makeup or regulation of signaling pathways.

A better understanding of the fundamental causes of metabolic
heterogeneity is important for personalised treatment of the many
diseases involving metabolic alterations, as well as for targeted
nutrition recommendations and intervention the field of personal-
ized nutrition.
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3.1 Computational methods to exploit gene expression profiles 75

3.1.2 Classification of cancer samples from the topological properties
of metabolic networks

The definition of accurate diagnostic methods leveraging omics data is a crucial objective
of cancer data science. To this purpose, classification frameworks aim at exploiting the
intrinsic heterogeneity of cancer samples via machine learning (ML) approaches, which
have proven extremely effective in this context [197].

In section 3.1.1, we presented our method to calculate RASs by considering gene
expression datasets and metabolic models. RASs are calculated for each reaction in the
model to which a GPR is associated. Since reactions are nodes in the related metabolic
network, we can consider RASs as weights for all the edges entering and leaving each
reaction node. We can then obtain a sample-specific metabolic network by pruning
edges with weights below a given relevance threshold and considering the remaining
giant component (i.e., the biggest connected part of the pruned metabolic network [25]).

Our goal is twofold. We first want to evaluate the effectiveness of different machine
learning methods in classifying samples considering the topological features of the cor-
responding giant component. Furthermore, we want to determine the best relevance
threshold to prune the network and obtain the most representative giant component.

To this end, we tested 3 widely used ML methods (i) Multi-Layer Perceptrons
(MLPs), (ii) Support Vector Machines (SVMs), and (iii) Random Forests (RFs). We
also generated different giant components for each metabolic network scanning the rele-
vant threshold values in the range between [0, 1]. Finally, for each of them, we computed
the following topological features (i) Average degree, (ii) Average hierarchical degree
level 2, (iii) Average hierarchical degree level 3, (iv) Average geodesic path length, and
(v) Assortativity. Such metrics are described in the our paper included below (see paper
P#4).

We tested the approach by classifying normal or breast cancer tissue samples included
in a gene expression dataset (obtained from TCGA). Since we know the correct class of
each entry, we can compute accuracy, precision and recall to evaluate the performance
of the classifiers. In this regard, we highlight that more sophisticated metrics might be
employed to evaluate the classification performance such as, e.g., the Brier’s score [1] or
the area under the ROC curve [15], and may be further investigated. We also compared
the performances of the same ML approaches using the first 5 principal component of
the metabolic gene expression profile matrix.

Our paper P#4, included in the following, shows that topological features of
metabolic networks pruned considering a relevant threshold are sufficient to distinguish
healthy from cancer samples. In particular, we have determined that applying the SVM
method while setting the relevant threshold to 0.1 provides the best results in terms of
accuracy, precision, and recall.

In other terms, our approach performs feature reduction, as we pass from an in-



76 Methods for omics data analysis and integration

put data matrix including thousands of features (i.e., metabolic genes) to 5 features
only (i.e., the topological features of the metabolic networks), which are sufficient for a
good classification. This result may, in turn, underlie important generic properties of
metabolic component rearrangements after cancer initiation, and might deserve further
investigation.
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 Abstract: Background: The increasing availability of omics data collected from patients affected by 

severe pathologies, such as cancer, is fostering the development of data science methods for their 

analysis. 

Introduction: The combination of data integration and machine learning approaches can provide 

new powerful instruments to tackle the complexity of cancer development and deliver effective di-

agnostic and prognostic strategies. 

Methods: We explore the possibility of exploiting the topological properties of sample-specific met-

abolic networks as features in a supervised classification task. Such networks are obtained by pro-

jecting transcriptomic data from RNA-seq experiments on genome-wide metabolic models to define 

weighted networks modeling the overall metabolic activity of a given sample. 

Results: We show the classification results on a labeled breast cancer dataset from the TCGA data-

base, including 210 samples (cancer vs. normal). In particular, we investigate how the performance 

is affected by a threshold-based pruning of the networks by comparing Artificial Neural Networks, 

Support Vector Machines and Random Forests. Interestingly, the best classification performance is 

achieved within a small threshold range for all methods, suggesting that it might represent an effec-

tive choice to recover useful information while filtering out noise from data. Overall, the best accu-

racy is achieved with SVMs, which exhibit performances similar to those obtained when gene ex-

pression profiles are used as features. 

Conclusion: These findings demonstrate that the topological properties of sample-specific metabolic 

networks are effective in classifying cancer and normal samples, suggesting that useful information 

can be extracted from a relatively limited number of features.  
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1. INTRODUCTION 

The development of automated strategies for the classifi-
cation of cancer samples in distinct categories (e.g., sub-
types, risk groups, etc.) is one of the key challenges in cur-
rent biosciences [1]. On the one hand, this might lead to the 
discovery of efficient, personalized diagnostic, prognostic, 
and therapeutic strategies for cancer patients. On the other 
hand, it could allow unraveling some of the still undeci-
phered mechanisms and processes underlying cancer  
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development, leading to a data-driven understanding of the 
disease. 

It is known that effective classification and clustering of 
cancer samples can be achieved by employing the infor-
mation on expression data [2–7], genomic alteration profiles 
[8, 9], interaction networks [10], and even signaling path-
ways [11, 12]. In this work, however, we specifically focus 
on the metabolic properties that may distinguish cancer from 
normal samples. In fact, metabolic deregulation is one of the 
key hallmarks of cancer [13–15], even if its underlying 
mechanisms are still partially unknown. In this respect, in 
recent years, an increasing number of computational strate-
gies have been devised, in order to take advantage of the 
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growing availability and reliability of -omics data to investi-
gate the alterations of metabolism in cancer [16–19]. Very 
often, such data have been employed in constraint-based 
models, such as Flux Balance Analysis (FBA), in which 
metabolic fluxes are simulated to compare different experi-
mental scenarios [20–24]. 

Moreover, more recently, approaches coupling con-
straint-based metabolic modeling with supervised machine 
learning algorithms have been proposed [25]. In our case, we 
explore for the first time the possibility of employing the 
topological properties of metabolic networks as input fea-
tures of classification algorithms. To this end, we rely on an 
approach firstly introduced in [26,27] in which transcriptom-
ic data, such as RNA-seq, are employed to determine the 
approximate activity value of the reactions included in a giv-
en metabolic network. 

More in detail, by introducing a relevance threshold on 
the metabolic activity level, we pruned the original metabolic 
network to define individual-specific networks in which only 
the significantly active reactions are preserved. The topolog-
ical properties of such individual-specific networks are then 
used as features to perform a supervised classification task 
via various algorithmic strategies and, in particular, Multi-
Layer Perceptrons (MLPs), Support Vector Machines 
(SVMs) and Random Forests (RFs). 

To investigate our hypothesis, this work presents the 
classification results in a simple scenario in which the sam-
ple categories are known a priori – cancer vs. normal – con-
cerning the TCGA-BRCA breast cancer dataset [28], which 
includes 210 total samples. 

We show that noteworthy classification performance can 
be achieved by using a few key topological properties of met-
abolic networks, i.e., average degree, average hierarchical 
degree, average geodesic path length and assortativity. Inter-
estingly, a similar pruning threshold (in the range 0.01 – 0.1) is 
identified as optimal for all tested machine learning strategies, 
suggesting that it could be an effective choice to extract useful 
information from the “relevant” activity of metabolic net-
works, while discarding possible artifacts due to noisy obser-
vations. Overall, the best classification performance is ob-
tained with SVMs and threshold 0.1, which exhibit 0.866 of 
(average) accuracy, 0.86 precision and 0.879 recall on the test 
set, after k-fold cross-validation and hyper-parameter estima-
tion. Furthermore, we show that the best performing SVM 
classifier (with the optimal threshold) delivers similar classifi-
cation performance with respect to an analogous classifier 
processing a reduced gene expression feature vector, as com-
puted by selecting the 5 principal components on the list of 
1673 metabolic genes from Recon2.2 [29]. 

These results prove that the projection of transcriptomic 
activity on metabolic networks provides useful information 
to efficiently classify cancer samples and might pave the way 
for the development of strategies for experimental hypothesis 
generation. 

2. MATERIALS AND METHODS 

2.1. Integration of RNA-seq and Metabolic Networks 

As proposed earlier [26, 27], it is possible to project tran-
scriptomic data onto human metabolic networks [30], to de-

rive an approximate activity value for each metabolic reac-
tion in any given sample. 

We first employ an input metabolic network   such as 
the Human Metabolic Reaction (HMR) [31] or Recon [29, 
32].   is a bipartite-directed graph that includes two kinds of 
nodes: (i) metabolites (i.e., substrates or products), and (ii) 
metabolic reactions. The edges in   connect either: (i) the 
substrates and the relative reaction, or (ii) a reaction and the 
relative products. The total number of nodes of   is N, 
whereas the total number of edges is E. Reaction nodes are 
associated with Gene-Protein-Reaction (GPR) rules, i.e., 
logical formulas that describe the related catalyses via AND 
and OR logical operators. In particular, AND rules are em-
ployed when distinct genes encode different subunits of the 
same enzyme, whereas OR rules are used when distinct 
genes encode isoforms of the same enzyme. 

RNA-seq data are then used to provide an approximate 
activity value to each reaction in the input network. In par-
ticular, our method takes as input a n (genes) × m (samples) 
matrix T in which each element     ,        ,   
     , includes the transcript level of gene g in sample s 
(the Reads per Kilobase per Million mapped reads – 
RPKM). 

For each reaction in the input network     and for each 
sample        , we define a Reaction Activity Score 
(RAS), by distinguishing two cases. 

Reactions with GPR including an AND operator 

          (         )  (1) 

where    is the set of genes that encode the subunits of 
the enzyme catalyzing reaction r. 

Reactions with GPR including an OR operator 

       ∑         
  (2) 

where    is the set of genes that encode isoforms of the 
enzyme that catalyzes reaction r. 

In case of composite reactions, we respect the standard 
precedence of the two operators. The rationale underlying 
the definition of the RAS is that enzyme isoforms (OR) con-
tribute additively to the overall activity of a certain reaction, 
whereas enzyme subunits (AND) limit its activity. RASs are 
finally normalized to obtain values in the range [0, 1] (with 0 
meaning no activity and 1 meaning maximum activity ob-
served in the dataset). 

Even though this simplified approach neglects the heter-
ogeneity of reaction kinetic constants, protein binding affini-
ties and translation rates, it was proven effective in the inves-
tigation of cancer metabolic deregulation and in cancer sam-
ple stratification [26, 27]. 

2.2. Cancer Sample Classification via Metabolic Network 
Pruning 

We define the sample-specific metabolic network of a 
given sample s as the weighted adjacency matrix   , which 
contains     elements, such that each element    

  is equal 
to: (i)        if i is a substrate of reaction j, (ii)        if i is a 
reaction and j one of its products, (iii) 0 otherwise. 
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  (a)    (b) 

Fig. (1). Number of nodes         (averaged on all samples) (a) and number of edges         (averaged on all samples) (b) of the giant compo-

nent       of the sample-specific metabolic network (computed from the Recon2.2 network (29)), in addition to their standard deviation (error 

bar), defined by different threshold    values either on normal and cancer samples. 

 

 

Fig. (2). The giant components of the metabolic network of the cancer sample of patient TCGA BH A0DZ obtained by projecting RNA-seq 

data on Recon2.2 metabolic network (29), are shown. 4 distinct giant components are shown, obtained with the following relevance thresh-

olds:                 . Networks were drawn via Cytoscape (37). 

 
Since we are interested in exploiting the topological 

properties of the “giant component” of the sample-specific 
metabolic network (as proposed, e.g., in [33]), we employ a 
network pruning procedure to select the relevant metabolic 
reactions. This threshold criterion was employed earlier [34–
36]. In detail, a threshold parameter          is used to ob-
tain an unweighted and thresholded adjacency matrix      , 
the elements of which are defined as follows: 

    
     {

         
    

          
    

              (3) 

It must be noted that we have focused on the larger than 
option, because we can hypothesize that only significantly 
active reactions (above the threshold) are responsible for the 
phenotypic/functional properties of cells. By scanning differ-
ent values of the threshold, we can then evaluate the impact 
on the performance of classifiers that take as input certain 
topological measurements of the resulting giant component 
(see below), thus identifying an optimal threshold value. 

Clearly the threshold parameter determines the size of the 
giant component, i.e., the largest connected subgraph of the 
sample-specific metabolic network, which we define as 
      and which includes       nodes and       edges. 

For instance, in Fig. (1), one can see how the number of 
nodes and edges of the giant component of the sample-
specific metabolic network (computed from the Recon2.2 
network [29, 32]) is generally affected by the choice of dis-
tinct thresholds, regarding both cancer and normal samples. 
In greater detail, on the left side of Fig. (1a), smaller thresh-
olds, such as                         , lead to a larger 
size of the giant component (on average), while on the right 
side, larger thresholds, such as                   , lead to 
a radical network reduction, with a threshold        retain-
ing 127 nodes on average, which represents approximately 
1.45% of the total number of nodes of the original metabolic 
network. As a representative example, the shrinking of the 
giant component for a specific sample is visually represented 
in Fig. (2). 
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We also note that this behavior occurs similarly on both 
cancer and normal samples, even if the size of the giant 
component of the former ones tends to be slightly smaller. 
One may speculate that cancer subpopulations engage in a 
relatively lower number of metabolic functions with respect 
to normal cells, given that their main objective is “selfish” 
proliferation. Further investigations are needed to validate 
this interesting hypothesis. 

2.3. Algorithmic Methods for Classification 

In general, the choice of adequate network descriptors is 
crucial for pattern recognition purposes. Typically, the fea-
ture extraction is based on well-established network structur-
al measures (see details in Section 2.3.1). The concurrent use 
of well-known measures such as degree, mean degree, clus-
tering coefficient, mean hierarchical degree, centrality, and 
even spectral measurements, can identify global properties 
shared by a large majority of empirical and synthetic net-
works such as random, small-world, scale-free networks, and 
geographic networks models [38, 39]. 

2.3.1. Features Based on Network Structural Measures 

Networks measurements falling in various categories 
(e.g., connectivity-related, distance-related, spectral, degree 
correlation measures) can be effectively used to characterize 
the topological properties of real-world networks [38, 40]. In 
our case, we are interested in determining whether certain 
topological measurements of the giant component of the 
sample-specific metabolic network obtained from RNA-seq 
data projection, and after opportune threshold-based pruning, 
can be effectively employed as features to classify cancer 
samples. In particular, we selected the following measures. 

Average degree. Among the connectivity-related meas-
urements, we here consider the degree (or connectivity)   

     
of node i of the giant component of sample s, given threshold 
  , as the number of neighbors of a node       defined by:  

  
     ∑    

    
     

   
. 

Accordingly, the average degree of the giant component 
is defined by Eq. (4), as follows: 

        
 

     
∑   

    
     

   
   (4) 

Average hierarchical degree. The hierarchical degree 
  

    
 

of node i can also be measured considering the connec-
tivity of the neighboring nodes constrained to a hierarchical 
level h. As an example, in social networks, the hierarchical 
degree of level 2 of given node i,   

 , is the sum of the de-
grees of the neighbors of its neighbors. Therefore, the mean 
hierarchical degree of the giant component of a sample-
specific metabolic network is given by Eq. (5), as follows: 

      
 
  

 

     
∑   

    
      

   
 . (5) 

Average geodesic path length. A path is defined as the 
sequence of nodes visited to go from node i to j. The distance 
between them is the number of edges within the path, and     

is defined as the geodesic path, i.e., the smallest path length. 

When there is no path between i and j,      . The average 
geodesic path length of the giant component of the sample-
specific metabolic network is given by: 

 

         
 

              
∑       

   (6) 

where i and j are two nodes of the giant component and 
 

              
 corresponds to a normalization factor, consider-

ing a fully connected network (40). 

Assortativity. The assortativity       [41], i.e., the Pear-
son correlation coefficient of degree among all pairs of 
linked nodes i and j of the giant component, quantifies the 
tendency of the nodes of a given degree k to connect to 
nodes with a similar degree and, in our case, it is defined as 
follows: 

       
(

 

     
)∑ (  

      

       

    )
   

 [         ∑      (  
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]

 

(
 

     
)∑      (  

    
 
   

    
 
)   

    

   

 [         ∑      (  
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]

  ,  (7) 

      is a value within the range [−1, 1]. Values closer to 
1 indicate a positive correlation (nodes with high degree tend 
to connect to nodes with high degree), while values closer to 
−1, indicate a negative correlation (nodes with a high degree 
tend to connect to nodes with low degree), whereas values 
close to 0 indicates the absence of linear dependence. 

In the following, we will show how to compose a feature 
vector by considering a set of topological measurements[35, 
36, 38]. In this respect, the giant component of a sample-
specific metabolic network      can be characterized by a 
tuple containing: (i) the average degree         (Eq. (4)), (ii) 
the average hierarchical degree of level 2         (Eq. (5)), 
(iii) the average hierarchical degree of level 3       

 
 ((Eq. 

(5)), (iv) the average geodesic path length         (Eq. (6)) 
and (v) the assortativity       (Eq. (7)). The vector is given 
by: 

 ⃗                       
 
        

 
                   (8) 

We notice that other measures such as the clustering co-
efficient might be employed as features. However, since in 
our case the input network is bipartite, there are no triangle 
neighborhoods and, accordingly, the clustering coefficient 
would always be 0. Since our framework is designed to be 
general, one can expect this feature to be relevant in different 
experimental scenarios, with distinct datasets and alternative 
representations of reaction graphs (see, e.g., [42–44]). 

2.4. Classification Setup 

Given any relevance threshold   , the feature vectors are 
extracted for the resulting giant component of each sample s, 
and the classification step can be performed. The main goal 
of this analysis is to evaluate the classification performance 
of various classifiers  , i.e., MLPs, SVMs and RFs on the 
feature vector  ⃗       . Furthermore, we tested the same 
classifiers on a reduced feature vector, including the 5 first 
principal components of the expression profiles of the 1673 
metabolic genes present in the Recon2.2 model [29], in order 
to provide a comparison on the same number of features em-
ployed in our approach. 
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Table 1.  Hyperparameters grid search for the tested classifiers, i.e., MLPs, SVMs and RFs, executed via the scikit-learn Python 

library. Parameter names are the sklearn arguments of the related functions (default was used for the other parameters). 

Method Function Parameter Grid search values 

MLP neuralnetwork.MLPClassifier 

solver 

hidden_layer_sizes 

batch_size 

learning_rate_init 

learning_rate 

max_iter 

[adam, lbfgs] 

[(50,),(100,),(50,50)] 

[16, 32, 64] 

[0.1, 0.01, 0.001] 

[constant, adaptative] 

10000 

RF ensemble.RandomForestClassifier 

max_depth 

max_features 

min_samples_leaf 

min_samples_split 

n_estimator 

[10, 20, 40, None] 

[auto, sqrt] 

[1, 2, 3] 

[2, 3, 5] 

[100, 200, 500, 1000] 

SVM svm.SVC 

C 

gamma 

tol 

kernel 

[2-5, 2-4,..., 212] 

[$2^{-15}$ 2-14,..., 24] 

[10-3, 10-4] 

[rbf, sigmoid, linear] 

 

 

Fig. (3). Kolmogorov-Smirnov statistic (KS-test, (48)) between normal and cancer samples for each threshold and network topological meas-

ure: average degree          assortativity       average hierarchical degree of level 2       
 
  and 3       

 
  and average geodesic path length 

       . The higher the K-S test is, the more the distribution of the network measure is different between normal and cancer samples. The high-

est values are obtained with               
 
            

 
  and thresholds equal to      and    . 

 
In order to prevent over-optimistic results, we performed 

for each classifier a nested cross-validation as proposed ear-
lier [45] and detailed as follows. 

The original dataset, including cancer and normal sam-
ples, is split into 5 folds, ensuring the balance between clas-
ses. 5-fold outer cross-validation is executed by using: (i) 
one fold as the test set to assess the model performance and 
(ii) 4 folds in an inner 5-fold cross-validation procedure to 
select the optimal hyperparameters h of the model      via 
grid search (see Table 1). The whole procedure is repeated 3 
times to ensure robustness to the results. The performance of 
all classifiers is assessed on average accuracy, precision and 
recall with respect to ground-truth labels. 

All the experiments described above were performed us-
ing the scikit-learn Python library [46].  

2.5. Network Datasets 

We tested our approach on the breast cancer dataset 
TCGA-BRCA published earlier (28). We downloaded the 
dataset via the cBioPortal [47]. This dataset includes the ex-
pression profile (RNA Seq V2 RSEM) of biopsies taken 
from 817 patients. We selected the 105 patients for which the 
expression profiles of both cancer and normal tissues are 
provided, for a total of 210 samples used in our analysis. 

RNA-seq data were projected on the Recon2.2 metabolic 
network [29, 32] to obtain a dataset in which a Reaction Ac-
tivity Score is assigned to each metabolic reaction in each 
sample (see above). The RASs were then normalized by di-
viding each reaction score by the maximum value of all 
samples. Finally, normalized RAS profiles are used to weigh 
the metabolic network as described above. 
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Fig. (4). Projection of cancer and normal samples on the space of topological measure pairs and (on the diagonal) the distribution for each 

measure and every sample category, for a selected threshold         

 

 

  SVM  MLP  RF 

Fig. (5). From left to right: average accuracy (A), average precision on cancer samples (B) and average recall on cancer samples (C) with 

SVMs, MLPs and RFs. The average is computed on the test sets via a repeated nested cross-validation, for three different seeds, whereas the 

error bars represent the standard deviation (see Section 2.4 for additional details). The best thresholds are         and       . 
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Fig. (6). Decision boundary of the SVM classifier with optimal hyperparameters and threshold        on the full dataset. The axes corre-

spond to the first two principal components of the full feature vector  ⃗⃗         
 
3. RESULTS 

3.1. RAS Threshold Analysis 

A small    will result in larger giant components while, in 
contrast, higher values of    will result in smaller giant com-
ponents. To choose the best classifier, we evaluated the per-
formance obtained by the following distinct threshold values: 

                                         (9) 

Thus, each feature vector  ⃗         contains the five topo-
logical measures defined above as descriptors (see Section 
2.3.1). 

To test the discrimination power of the feature vectors 
 ⃗         in Fig. (3), we computed the Kolmogorov-Smirnov 
statistic [48] between normal and cancer samples for each 
threshold and topological measure. The KS statistic   (KS-
test) is the distance between the cumulative probability dis-
tributions; hence the higher is the value, the more the net-
work measures are different between normal and cancer 
samples. 

As a result, in our dataset, degree statistics, i.e.,        , 
      

 
  and       

 
 , achieve the highest D (KS-test), in par-

ticular for thresholds equal to 10−2 and 0.1. In Fig. (4), we 
plotted the distributions of all pairs of features in  ⃗       , 
for       . In accordance with the results of Fig. (3), the 
degree statistics distributions and, in particular,       

 
  and 

      
 
 , have the sharpest difference among normal and can-

cer samples. 

3.2. Classification Performance 

The classification performance was assessed for all clas-
sifiers (i.e., MLPs, SVMs and RFs) on the feature vector 
 ⃗       , with regard to all relevance thresholds, via the nest-
ed cross-validation procedure described above (see Section 
2.4). In addition, we employed as benchmark three analo-
gous classifiers (i.e., MLPs, SVMs and RFs), which were 

provided as input with a feature vector including the 5 first 
principal components (PCs) of the expression profiles of the 
1673 metabolic genes. 

In Fig. (5), we report the average accuracy, precision and 
recall for all tested classifiers, with respect to all relevance 
thresholds, as well as the benchmark classifiers on gene ex-
pression PCs, by employing the ground-truth cancer sample 
labels (the error bars represent the standard deviation). 

Interestingly, the best performance is achieved for all 
classifiers with thresholds in the small range         and 
      , and points at the existence of an effective pruning 
strategy to maintain the “relevant” active metabolic path-
ways that discriminate cancer from normal samples, while 
limiting the confounding effects possibly due to noisy obser-
vations and biological variability. 

More in detail, the best performing classifier is provided 
by SVMs, which reach an average accuracy of 0.86 and 0.87, 
a precision of 0.87 and 0.86 and a recall of 0.86 and 0.88, for 
        and       , respectively. 

Interestingly, such performance is extremely similar to 
that obtained with SVMs on the vector of gene expression 
PCs (average accuracy = 0.88, precision = 0.88 and recall = 
0.89) and slightly superior to that of MLPs and RFs on the 
same vector. This result suggests that the information ex-
tracted from the few selected topological measures on the 
giant component of the sample-specific metabolic network is 
effective in discriminating cancer from normal samples, sim-
ilarly to benchmark approaches processing gene expression 
data (5).  

Finally, in Fig. (6), the decision boundary of the best per-
forming SVM classifier, i.e., obtained with        and 
optimal hyperparameters is displayed on the first two PCs of 
the feature vector  ⃗       , from which one can see that the 
method is able to correctly classify also the outliers of both 
categories. 
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CONCLUSION 

In this work, we have introduced a new computational 
framework for the classification of cancer samples, which 
combines the integration of transcriptomic data and metabol-
ic networks with state-of-the-art machine learning approach-
es. This task is of practical relevance in many biomedical 
contexts and might pave the way for the development of au-
tomated strategies for experimental hypothesis generation. In 
particular, the introduction of our framework contributes to 
the emerging field of approaches combining sample-specific 
metabolic modeling with machine learning to classify cancer 
samples and/or to predict drug response, as recently re-
viewed [49, 50]. 

More in detail, we here proved that the information on 
the metabolic activity of single samples, derived via integra-
tion of highly accessible RNA-seq data, can be effectively 
used to classify healthy and pathological states, a result that 
appears to be robust when the original networks are signifi-
cantly pruned via a relevance threshold. All in all, this result 
would suggest that the useful information to determine pos-
sibly aberrant states in a given sample can be derived from 
the high-level (topological) properties of a relatively limited 
number of active processes. The identification and character-
ization of such processes deserve further investigation. 

Regarding our machine learning approach, we here relied 
on classical topological measures, such as degree, hierar-
chical degrees, average geodesic path length and assortativi-
ty, to encode the structural information of the metabolic net-
work. Additional experiments may employ recent graph rep-
resentation learning techniques [51, 52], including graph 
kernels [53] and convolutional neural networks on graphs 
[54], to automatically extract a low-dimensional feature vec-
tor of the input network. 

We finally remark that extensions of the framework are cur-
rently ongoing to test its applicability to more complex scenari-
os, involving, for instance, multiclass and multi-label classifica-
tion with respect to cancer subtypes and risk categories. 
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3.2 Computational methods to exploit mutational profiles
The mutational profiles generated from sequencing experiments described in section 2.3
can be employed for the investigation of a number of aspects related to multicellular
heterogeneity. In this work, I mainly focused on two main topics:

• Inference of phylogenomic models (section 3.2.1), which resulted in:

(i) a framework for the inference of longitudinal single-cell cancer evolution
(see paper P#5).

(ii) a comprehensive framework for the characterization of viral evolution from
deep sequencing data of viral samples (see paper P#6).

(iii) a new approach to improve the inference of evolution models applying a
consensus approach (section 3.2.1.1).

• Decomposition of mutational profiles of viral samples into mutational signatures
(section 3.2.2, paper P#7).

All topics are detailed in the following, alongside the selected related articles.

3.2.1 Inference of phylogenomic models

Phylogenetics. The primary scope of a phylogenetic analysis is to describe, via a
graph, the pattern of descent among a group of individuals (e.g., species or cells), as
inferred from similarities and differences in their morphological or genetic characteristics.

Standard phylogenetic analyses typically represent different evolutionary processes
via binary trees, where the root is the lowest common ancestor of a given population, the
leaves are the observed individuals or samples, and the internal nodes are the inferred
coalescent events (e.g., unsampled ancestors).

In such representation, the length of the edges could be related to various quantities
which underlay the evolutionary distance between ancestors and children, e.g., the num-
ber of different observable phenotypic traits. A renowned example of is that of Darwin’s
tree of life [109, 112], which represents the evolution of life and describes the temporal
relationships between living and extinct organisms.

There exists a plethora of methods for the inference of phylogenetic models from
data, which are reviewed in [12, 13] by Professor Felsenstein.

From phenotypic to genotypic phylogenetics. While classical phylogenetic stud-
ies exploit the phenotypic traits of individuals, recent studies can take advantage of the
major improvement of sequencing technologies described in Section 2.1.
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To this extent, phylogeny methods based on sequencing data shed new light on the
different properties of the evolving system [17]. We can exploit such methods to (i) un-
derstand how the genetic sequences evolve (e.g., conserved regions or positively selected
genomic variants) [], (ii) discover the most probable ancestral genomes, (iii) estimate the
timings of evolutionary events, and (iv) test different hypotheses on evolutionary models
[18]. Please see [58] for a comprehensive review of the most widely applied phylogenetic
inference methods.

In fact, for many biological systems, such as cancer subpopulations and viral qua-
sispecies, mutations are inherited and accumulated during the evolution of the system
(despite noteworthy exceptions that are discussed later). Accordingly, the mutational
profiles generated via either bulk or single-cell sequencing experiments, and described in
Section 2.3 can be employed as input for phylogenetic inference. In this regard, I have
been focusing on two distinct, yet analogous, biological systems, i.e., cancer and viral
evolution.

Cancer phylogenetics. In its seminal work, Nowell states that cancer results from an
evolutionary process that leads to the emergence, competition and (positive/negative)
selection of genetically distinct subpopulations of cells called clones [10]. In the pro-
cess, cancer subpopulations can acquire a relatively small number of phenotypic traits
called hallmarks [46]. However, the combination of somatic mutations required to reach
such hallmarks is possibly vast, tumor- and patient-specific, and, above all, still largely
undeciphered.

Thus, one of the key challenges in cancer research is the implementation of effective
computational strategies to exploit somatic mutations to reconstruct the evolution of
single tumors (note that efforts to infer population-level models have been achieved,
e.g., in [91, 137], but are not scope of the current work).

A fine characterization of the genetic evolutionary history of a tumor can serve, for
instance, to (the list is not exhaustive): (i) assess the type of evolution, e.g., linear,
branching, neutral, or punctuated [120]; (ii) assess the effect of therapies [259]; (iii)
evaluate the fitness pressure of clones (e.g., selection coefficients or clonal prevalence
variation) [251]; (iv) assess the presence of preferential temporal ordering (e.g, selective
advantage relations)[34, 179, 228, 234]; (v) identify genetic events responsible for hall-
mark acquisition (e.g., metastasis) or prognostic bio-markers [247]; (vi) date the key
cancer evolution events [213]; (vii) investigate the genotype-phenotype relation; (viii)
predict the possible future evolution of the tumor [79, 176].

For these reasons, many effort have been recently carried out to reconstruct models
of cancer evolution from available data. In detail, we focused our work on the design
of computational methods: (i) to process single-cell mutational profiles, (ii) generated
from longitudinal sequencing experiments, (iii) with the goal of reconstructing clonal
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trees (see below). The rationale is that, given the high levels of noise and missing
data of single-cell mutational profiles, it is fundamental to employ robust and expressive
statistical frameworks.

Notice that the acquisition of cancer hallmarks is supposed to driven by the accu-
mulation of relevant genomic mutations (i.e., driver events), which produce an increase
in the cell’s fitness, typically inducing a relative expansion of the relative offsprings. Ac-
cordingly, in the so-called clonal trees all nodes are clones and edges represent ancestral
relations characterized by specific driver mutations [96]. Clonal trees are distinct from
standard phylogenetic trees, in which only the leaves represent single cells.

Longitudinal Analisys of Cancer Evolution. In the paper P#5, we propose a
new statistical framework that starts from somatic mutation profiles of cells sampled at
multiple time points to retrieve the clonal dynamics during the disease progression. The
method aims at solving a Boolean matrix factorization problem optimising a weighted-
log-likelihood function via Markov Chain Monte Carlo search schema to account for
uncertainty in the data (i.e., false positives (FP), false negatives (FN), and missing data
in mutational profiles). Our method relies on the Infinite Sites Assumption (ISA), which
assumes that mutations are only accumulated once and are never lost during the cancer
evolution. With this assumption, we can add perfect phylogeny constraints to reduce
the search space and correct the inconsistencies that may be present in the data [113,
114].

The method returns a longitudinal clonal tree, including information about the
change in prevalence of the clonal subpopulations at different time points. Importantly,
if the samples are taken before, during and after a therapy administration, our method
allows one to compare the impact of a given drug among clones through time points. We
finally showed that LACE is able to handle datasets including non-relevant mutations
(i.e., passengers), by detecting co-occurrence mutation patterns.

Integration of omics data types. Importantly, thanks to the possibility of calling
variant from scRNA-seq data and the robustness of the statistical framework, in the
article we show an explicit mapping between the genotype and the gene expression (phe-
notype) of single cells. In particular, our case study involved BRAF-mutant melanoma
PDX datasets generated before, during, and after a therapy administration. LACE pro-
vided a high-resolution picture of the evolutionary history of this tumor, including clones
with different prevalence among time points. The differential analyses of their expression
profile allowed us determine how the drug affected their proliferative behaviour in each
time point. This result, highlight that an explicit mapping between the clonal evolution
and the phenotypic properties with single-cell resolution proved to be a powerful and
expressive approach to decipher intra-tumor heterogeneity on multiple scales delivering
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experimental hypotheses with translational relevance.
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A B S T R A C T

The rise of longitudinal single-cell sequencing experiments on patient-derived cell cultures, xenografts and
organoids is opening new opportunities to track cancer evolution, assess the efficacy of therapies and identify
resistant subclones.

We introduce LACE, the first algorithmic framework that processes single-cell mutational profiles from
samples collected at different time points to reconstruct longitudinal models of cancer evolution. The approach
maximizes a weighted likelihood function computed on longitudinal data points to solve a Boolean matrix
factorization problem, via Markov chain Monte Carlo sampling.

On simulations, LACE outperforms state-of-the-art methods for both bulk and single-cell sequencing data
with respect to the reconstruction of the ground-truth clonal phylogeny and dynamics, also in conditions
of unbalanced datasets, significant rates of sequencing errors and sampling limitations. As the results are
robust with respect to data-specific errors, LACE is effective with mutational profiles generated by calling
variants from (full-length) scRNA-seq data, and this allows one to investigate the relation between genomic
and phenotypic evolution of tumors at the single-cell level.

Here, we apply LACE to a longitudinal scRNA-seq dataset of patient-derived xenografts of BRAFV600E/K

mutant melanomas, dissecting the impact of BRAF/MEK-inhibition on clonal evolution, also in terms of
clone-specific gene expression dynamics. Furthermore, the analysis of breast cancer PDXs from longitudinal
targeted scDNA-sequencing experiments delivers a high-resolution temporal characterization of intra-tumor
heterogeneity.

1. Introduction

The advent of single-cell omics measurements has fueled an ex-
ceptional growth of high-resolution quantitative studies on complex
biological phenomena [1–3]. This is extremely relevant in the analysis
of cancer evolution and in the characterization of intra-tumor hetero-
geneity (ITH), which is a major cause of drug resistance and relapse
[4–8].

In recent years, a large array of targeted cancer therapies has been
developed, such as, e.g., kinase inhibitors, monoclonal antibodies and,
more recently, immunomodulatory agents and clinical grade CAR-T
[9]. However, the availability of such personalized therapies requires

∗ Corresponding author at: Inst. of Molecular Bioimaging and Physiology, Consiglio Nazionale delle Ricerche (IBFM-CNR), Segrate, Milan, Italy.
E-mail address: alex.graudenzi@ibfm.cnr.it (A. Graudenzi).

1 Equal contributors.

comparably advanced diagnostic and monitoring tools to study the
response of cancer cells under the selective pressure generated by
the treatment. In this respect, a highly-awaited major experimental
advancement is provided by longitudinal single-cell sequencing experi-
ments on samples taken at different time points from the same tumor,
or from patient-derived cell cultures, xenografts or organoids [10–12].
In most cases, single-cell transcriptomes are sequenced, e.g., via scRNA-
seq experiments [13,14], yet studies employing data from whole-
genome/exome and targeted scDNA-seq experiments have been suc-
cessfully proposed [15,16]. Furthermore, approaches for the coupled
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analysis of genomes and transcriptomes at the single-cell level have
been recently introduced [17,18].

Longitudinal single-cell sequencing data might allow one to track
cancer evolution at unprecedented resolution, as they can be employed
– in principle – to call somatic variants in each single cell of a tumor
sample, at any given time point. Accordingly, this may allow one to
draw a high-resolution picture of evolutionary history of that tumor,
as well as to measure the effect of any possible external intervention,
such as a therapeutic strategy. Yet, currently no technique can explicitly
process longitudinal single-cell mutational profiles.

On the one hand, in fact, current approaches that process single-
cell data and extend phylogenetic methods by handling data-specific
errors [19–23] require the implementation of ad hoc modifications to
handle longitudinal data, as proposed for instance in [24], and might
struggle in both the reconstruction of the mutational tree and the
assessment of the clonal composition and variation in time, especially
in certain experimental scenarios (see the Results section). On the other
hand, even though methods for longitudinal bulk sequencing data are
starting to produce noteworthy results [25–27], they usually require
complex computational strategies to deconvolve the signal coming
from intermixed cell subpopulations. Furthermore, there is an ongoing
debate whether multi-sample trees from bulk samples are indeed phy-
logenies or, conversely, if they might lead to erroneous evolutionary
inferences [28].

We here propose LACE (Longitudinal Analysis of Cancer Evolution),
a new computational method for the reconstruction of longitudinal
clonal trees of tumor evolution from longitudinal single-cell somatic
mutation profiles of tumor samples (see Fig. 1).

In the inferred tree, each vertex correspond to a genotype, which
identifies a subset of single cells displaying the same set of somatic
variants. Edges in the tree model both parental relations among geno-
types and persistence relations through time (see Methods). Notice
that genotypes represent (sub)clones if the considered variants are
drivers. Alternatively, if knowledge about drivers is not available, geno-
types can be grouped into candidate (sub)clones according to the
co-occurrence similarity of mutations across single cells. LACE then
estimates the prevalence of each candidate (sub)clone at each time
point, hence allowing one to identify (sub)clones that emerge, expand,
shrink or disappear during the history of the tumor, e.g., as a conse-
quence of a therapy or a selection sweep. A formal definition of the
single-cell longitudinal clonal tree returned by LACE is provided in the
Supplementary Information (SI).

Our method manages noise in single-cell sequencing data by esti-
mating false positive and false negative rates – which might be different
in distinct time points – and returns the longitudinal clonal tree that
maximizes a weighted likelihood function computed on all data points.
In this way, our method is able to handle possible differences in quality,
sample size and error rates of the experiments performed at distinct
time points. It is well known, in fact, that extremely different error
rates are observed in single-cell experiments performed via distinct
experimental platforms, and that even experiments made with the
same platform might display highly heterogeneous noise levels [29].
The search is then performed by solving a Boolean matrix factoriza-
tion problem [30,31] via Markov Chain Monte Carlo (MCMC), which
ensures high scalability and convergence (with a large number of
samplings).

The robustness of our approach allows its application to the highly-
available (full-length) scRNA-seq data – which are usually employed to
characterize the gene expression patterns of single-cells in a variety of
experimental settings [32] –, by calling somatic variants in transcribed
regions with standard pipelines [33] and by selecting a set of confident
variants, which might possibly include putative drivers. This allows one
to overcome the limitation of relying on longitudinal single-cell whole
genome/exome sequencing experiments, which are currently rarer and
significantly more expensive. In addition, by applying standard data
analysis pipelines for the analysis of transcriptomes [32], our method

allows one to investigate the relation between somatic evolution and
gene expression profiles in cancer clones and in single cells, especially
in relation with possible external interventions, such as therapies.

There are several advantages in employing a formulation of the
problem based on clonal trees, instead of standard phylogenetic trees in
which single cells are placed as leaves. First, currently available single-
cell data cannot guarantee the identifiability of a unique and reliable
phylogenetic tree, mostly due to noise, to insufficient information and
to the huge number of features of the output model [19,34]. Despite
the uniqueness of the solution might not be guaranteed for clonal trees
as well, in such case the computational problem is mitigated, as the
model dimension is considerably reduced, especially with respect to the
number of samples (i.e., cells). Second, from the biological perspective,
the resolution at the clone level is an effective choice to explain and
predict cancer evolution and generate hypotheses with translational
relevance [34,35], in particular with regard to the possible effect of
therapies, as it may allow one to pinpoint aggressive or resistant clones,
investigate their molecular properties and possibly target their weak
spots [36].

In order to assess the accuracy and robustness of the results pro-
duced by LACE, we performed extensive simulations, and compared
with: SCITE [19] and TRaIT [22], two state-of-the-art tools for the in-
ference of mutational trees from single-cell sequencing data, Sifit [21]
a widely-used tool for tumor phylogenetic tree inference, SiClone-
Fit [23]) a Bayesian approach for the reconstruction of clonal trees
from single-cell sequencing data, and with CALDER,myers2019calder,
a recent method for the reconstruction of longitudinal phylogenetic
trees from bulk samples.

We applied LACE to longitudinal single-cell datasets of tumor
samples generated with distinct experimental setups and, in particu-
lar, via either scRNA-seq or targeted scDNA-seq experiments. In the
first case, we employed a longitudinal scRNA-seq dataset of patient-
derived xenografts (PDXs) of BRAFV600E/K mutant melanomas dis-
cussed in [37], by first performing mutational profiling via the widely-
used GATK pipeline [38] and by selecting a panel of highly-confident
somatic variants. In this respect, we here show that LACE can be used
to produce robust results on longitudinal cancer evolution, even with
noisy and incomplete data, and in particular, that it can characterize
the efficacy of BRAF/MEK-inhibitor therapy on the clonal dynamics,
also allowing one to portray the phenotypic properties of the distinct
(sub)clones. In the second case, we applied LACE to a longitudinal
single-cell targeted DNA-seq dataset of PDXs generated from triple-
negative breast tumors, presented in [39]. Our approach was applied on
the set of somatic variants identified in the original work and allowed
us to refine the existing analysis, by producing a high-resolution picture
of the evolutionary history of the tumor, thus proving the applicability
of LACE to a wide range of existing data types.

2. Results

2.1. The LACE framework

LACE is a computational framework that processes multiple tem-
porally ordered mutational profiles of single cells, collected from can-
cer samples or patient-derived cell cultures, xenografts or organoids,
even in distinct experimental settings (e.g., pre- and post-treatment).
Such profiles can be derived from whole-genome/exome or targeted
scDNA-seq experiments, but also by calling variants from (full-length)
scRNA-seq data.

LACE takes as input a binary matrix for each time point/experiment,
in which an entry is 1 if a somatic variant (e.g., single-nucleotide
variants — SNVs, structural variants, etc.) is present in a given cell,
0 if not present and NA if the entry is missing. In order to select
highly-confident variants, one can benefit from standard practices for
variant-calling and from statistical filters. Furthermore, as one might be
interested in selecting a set of putative drivers, which might possibly
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Fig. 1. The LACE framework. (A) The branching evolution of a single tumor is described via a fishplot, and is characterized by the accumulation of 5 candidate driver mutations
in distinct (sub)clones. (B) Single cells are sampled and sequenced at three subsequent time points: 𝑡1, 𝑡2 and 𝑡3, e.g., via scRNA-seq or (targeted) scDNA-seq experiments. By
applying pipelines for variant calling, somatic mutation profiles for each time point are generated (matrices 𝐃𝑖), which might include false positives, false negatives and missing
entries. (C) LACE solves a Boolean matrix factorization problem 𝐂𝑖 ⋅𝐁 = 𝐆𝑖, in which 𝐁 is the perfect phylogenetic matrix, 𝐂𝑖 is the cell attachment matrix and 𝐆𝑖 is the expected
genotype matrix. It then maximizes a weighted likelihood function computed on all time points, comparing 𝐆𝑖 and 𝐃𝑖, via a MCMC search scheme. (D) As a result, a single-cell
longitudinal clonal tree is returned, which may include both observed and unobserved (sub)clones and the ancestral relations between them, as well as the prevalence variation,
as measured at distinct time points. Solid lines represent parental relations between (sub)clones, each one characterized by a unique somatic variant (colored squares), whereas
dashed lines represent persistence relations, which connect (sub)clones through time points or to extinction events.

characterize (sub)clones, one can leverage on standard approaches
for driver selection and on prior biological knowledge regarding the
specific tumor type.

Our method can be input with false positive and false negative rates
for each time point, whenever such information can be derived from the
technical features of the experiments. Otherwise, LACE includes differ-
ent noise estimation procedures, either via a parameter grid search or
by including the error rate learning within the model search.

LACE then solves a Boolean matrix factorization problem with per-
fect phylogeny constraints [40], by maximizing a weighted likelihood
function on all time points. The rationale is that experiments collected
at distinct time points may include even extremely different sample
sizes and technical errors: LACE allows one to balance such differences,
by setting proper weights on the likelihood function. As default, the
weights are set to be inversely proportional to the sample size of
each dataset, in order to have comparable likelihood values through
distinct experiments. LACE employs a MCMC search scheme on the
phylogenetic matrix, which is defined by the association between geno-
types/(sub)clones and sets of mutations, and which identifies a unique
clonal tree. The weighted likelihood is maximized by exhaustively
scanning the attachment of single cells to the genotypes/(sub)clones
of the tree.

LACE returns:

• The single-cell longitudinal clonal tree describing the longitudinal
evolution of a tumor, in which nodes represent genotypes and
edges are either parental relations among them or persistence re-
lations through time (see Methods for further details). Notice that
genotypes represent candidate (sub)clones if the characterizing
somatic variants are drivers.

• The attachment of single cells to genotypes/(sub)clones, which can be
used to estimate the prevalence at any considered time point, as
well as to identify macro evolutionary events, such as extinction
or the emergence of new (sub)clones.
If the input mutational profiles are generated from scRNA-seq
data, this allows one to investigate the gene expression profiles of

the cells mapped to distinct genetic (sub)clones, thus providing
a natural link between genotypic and phenotypic properties of
single cells.

• The expected genotype of single cells, i.e., the genotype assigned to
each cell after removing noise and missing data.

• The error rates as estimated from data, whether either the param-
eter grid search or the error rate learning are employed.

• When no information on drivers is available, mutations can be
grouped according to their similarity with respect to the ex-
pected genotype matrix (see Methods). LACE returns the matrix
of pairwise distances among mutations and that can be used, in
turn, in standard clustering algorithms to identify which muta-
tions mostly occur together in the cells of the considered dataset
(as default, LACE returns the results of hierarchical clustering).
Accordingly, the resulting groups of mutations can be used to
identify candidate (sub)clones in the output model.

All the outputs are returned by the LACE R tool, which is cur-
rently available on Bioconductor at this link: https://bioconductor.org/
packages/release/bioc/html/LACE.html.

2.2. Performance evaluation via simulations

In order to assess the performance of LACE and compare it with
competing approaches, we executed extensive tests on synthetic
datasets, generated with the cancer population dynamics simulator
from [41]. To simulate sequencing errors, all datasets were inflated
with false positives with rate 𝛼 (i.e., the probability of flipping a ‘‘0’’
entry to ‘‘1’’), false negatives with rate 𝛽 (i.e., the probability of flipping
a ‘‘1’’ entry to ‘‘0’’), and missing data with rate 𝛾 (i.e., the probability of
setting an entry to NA). Furthermore, distinct sampling schemes were
adopted (further details on the simulations are provided in the SI).

We generated a total of 1200 independent longitudinal datasets
for 4 distinct experimental scenarios (see below) and compared LACE
with four state-of-the-art methods that process single-cell sequencing



Journal of Computational Science 58 (2022) 101523

4

D. Ramazzotti et al.

data from single time points, for the reconstruction of either muta-
tional trees (SCITE [19] and TRaIT [22]), tumor phylogenetic trees
(Sifit,zafar2017sifit), or clonal trees (SiCloneFit) [23]) –, and with
a further method for phylogenetic tree inference from longitudinal
bulk sequencing data (CALDER [27]). As synthetic datasets need to
be adapted to be processed by such tools, with respect to CALDER,
we computed the cancer cell fraction of driver mutations from the
observed single-cell genotypes, and by assuming a uniform sampling
of single cells and a read depth of 200X, which is typical for whole-
exome sequencing experiments. Input data for SCITE, TRaIT, Sifit and
SiCloneFit were generated by concatenating the longitudinal datasets
in a unique mutational profile matrix. Notice also that the true error
rates of the simulated datasets were provided to all methods that take
such parameters as input (see Supplementary Table 2 for the complete
parameter settings of the simulations).

We compared the performance of the methods by assessing: (𝑖∕𝑖𝑖)
precision: TP

TP+FP and recall: TP
TP+FN with respect to the ground-truth

topology (in this case, the True Positives are the rightly inferred edges,
the False Positives are the wrongly inferred edges, the False Negatives
are the edges that are present in the ground-truth topology, but are not
inferred); (𝑖𝑖𝑖) the Adjusted Rand Index (ARI) on attachment of single-

cells to clones [42]: ARI =
∑

𝑖𝑗 (𝑞𝑖𝑗2 )−
[∑

𝑖 (𝑎𝑖2 )
∑

𝑗 (𝑏𝑗2 )
]
∕(𝑞2)

1
2

[∑
𝑖 (𝑎𝑖2 )−

∑
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]
−
[∑

𝑖 (𝑎𝑖2 )
∑

𝑗 (𝑏𝑗2 )
]
∕(𝑞2)

, where

𝑞𝑖𝑗 is an element of the contingency table between the ground-truth
and the inferred cell attachment matrices, 𝑎𝑖 is the sum of the 𝑖th
row and 𝑏𝑗 the sum of the 𝑗th column of the contingency table and
𝑞 is the dimension of the contingency table. The ARI, which is the
corrected-for-chance version of the Rand index, is commonly used to
compare partitions and here allows us to evaluate how single cells are
correctly associated to ground-truth clones. Note that in the SI we show
additional results regarding the overall accuracy computed with respect
to the ground-truth topology, the ground-truth cell attachment matrix
and the ground-truth genotypes.

Setting A — Simulations with unbalanced longitudinal datasets. We de-
signed a first in-silico scenario to account for sequencing experiments
involving highly unbalanced datasets, as generated, for example, by
sequencing experiments performed via distinct platforms at different
time points, a plausible setting for studies involving patient-derived cell
cultures or organoids. In particular, we simulated the case in which the
first and the third time points are characterized by a smaller number
of cells (𝑛𝑡1 = 𝑛𝑡3 = 100) and a lower noise rate (false positive rate
𝛼𝑡1,3 = 0.01, false negative rate 𝛽𝑡1,3 = 0.1), thus modeling a plausible
setting resembling a Smart-seq protocol and the second time point in
which a much larger number of cells is sequenced (𝑛𝑡2 = 1000), yet
with a significantly higher noise rate (𝛼𝑡2 = 0.03, 𝛽𝑡2 = 0.3), therefore
modeling the features of a typical droplet-based experiment. We also
assume that standard pipelines for mutation profiling from scRNA-seq
data are employed, and we set a 0.5 probability for each dataset to have
𝛾 = 0.1 of missing entries2.

In Fig. 2A one can see the distribution of precision and recall
with respect to the ground-truth topology and of the ARI with respect
to the ground-truth cell attachment matrix, as well as the related
empirical cumulative distribution functions, for the six approaches in
this scenario. In addition, we display the percentage gain of LACE with
respect to other methods (computed on the average value) and the

2 Clearly, the estimation of error rates in real-world data is a complex topic,
which is influenced by the combination of technical issues related to data types
(e.g., DNA or RNA), to the features of sequencing protocols/platforms and
to the many practical choices during the variant calling phase, for instance
related to quality check [44–47]. In this work, we assessed the performance
of LACE and of competing approaches with simulated data including false
positives, false negative and missing data in ranges adequate to cover a wide
spectrum of realistic experimental scenarios, in line with what done in similar
works on the subject [19–21,23].

𝑝-value of the one-sided Mann–Whitney U test computed comparing
the distribution of LACE against other methods, on all metrics (the
distribution of the overall accuracy with respect to the ground-truth
tree, cell attachment matrix and genotype, the precision–recall scatter-
plots, for this and the remaining experimental settings, are shown in
the SI).

By managing different error rates in distinct time points and by
weighting the likelihood function with respect to the sample size, LACE
is able to achieve consistently superior performances with respect to
all competing methods, in terms of precision/recall on the original
topology and of ARI on cell attachment, as also proven by the highly
statistically significant p-values of the Mann–Whitney U test on all
comparisons. Moreover, LACE shows in all cases the lowest variance,
which demonstrate the higher robustness of its inference framework
(the additional metrics included in the SI exhibit consistent results).

This proves that LACE produces robust results when dealing with
experiments from distinct protocols and with high differences in sample
size and noise rates, as it might be common in real-world settings.

Settings B/C – Simulations with longitudinal datasets with technical vari-
ability. To assess the consequences of noise and of technical variability
in a larger experimental setting, we generated 300 independent datasets
with a number of cells chosen at each time point with uniform prob-
ability in the set 𝑛 = {100, 300, 600, 1000}. We modeled a first setting
with low noise (i.e., 𝛼 and 𝛽 randomly chosen in the set {0.01, 0.02}
and {0.1, 0.2}, respectively) and a second setting with higher values
of noise (i.e., 𝛼 and 𝛽 in the range {0.01, 0.02, 0.03} and {0.1, 0.2, 0.3},
respectively).

In Fig. 2B-C one can see that also in this case LACE performs better
than all competing methods in precision/recall with respect to the
ground-truth topology (with significant p-values of the Mann–Whitney
U test on most tests) and, especially, in the ARI on cell attachment, for
which all p-values are highly significant and a percentage increase of
around +20% is observed with respect to the second-best performing
tool, SCITE, in both settings. We recall that a better cell-clone attach-
ment implies a better estimation of the clonal architecture, which can
be then mapped to gene expression data, when variants are called from
scRNA-seq data, as it will be shown in the case studies. The genotype–
phenotype mapping of single cells is a major novelty of our approach
and the simulations prove that LACE is the most effective approach in
assigning cells to ground-truth clones.

Note that also in Settings B and C, LACE exhibit the lowest variance
on all metrics, proving that the results are robust with increasing noise
levels (results on further metrics are consistent and are shown in the
SI).

Setting D – Simulations with longitudinal datasets with sampling limitations.
Solid tumors are typically characterized by a complex spatio-temporal
dynamics, which is affected by the distinct modes of tumor growth
and by the complex interplay with the micro-environment [48–50].
For instance, cells close to the tumor boundary might have a certain
proliferative advantage due to the relative abundance of nutrients and
space, thus affecting the overall clonal dynamics.

As a consequence, in single-cell analyses, relevant sampling bi-
ases can arise from that fact that, usually, cells are not uniformly
(or exhaustively) sampled from the whole tumor, but from biopsies
capturing the composition of a spatially delimited portion of it [51].
In such cases, the prevalence of single (sub)clones might be either
over- or under-estimated, whereas certain subclones might be unob-
served, likely affecting downstream analyses. Even though an in-depth
investigation of the impact of spatial tumor sampling on phylogenetic
inference is out of the scope of this work, we designed a simulated
experiment to assess the performance of LACE and competing methods
in this specific scenario.

In particular, in this setting all methods were applied to longitudinal
datasets generated with significant sampling limitations, according to
which only a subset of existing clones is sampled at any time point, in
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Fig. 2. Comparison on simulated data. The cancer population dynamics was simulated with the tool from [43] (see the SI for further details). 15 simulations were selected in
which a number of drivers between 7 and 15 was observed, resulting in branching evolution topologies. For each topology, a number of independent single-cell mutational profile
datasets were sampled at 3 distinct time points of the dynamics, for a total of 1200 longitudinal datasets. LACE was compared with SCITE [19], TRaIT,ramazzotti2017learning,
Sifit [21], SiCloneFit,zafar2019siclonefit and CALDER [27], on precision and recall with respect to the ground-truth topology and the Adjusted Rand Index (ARI) with respect to
the ground-truth cell attachment matrix. Upper panels return the distributions on all metrics via violin plots, whereas lower panels return the empirical cumulative distribution
functions. The percentage increase of LACE with respect to competing methods was computed on average values for each metric, whereas the 𝑝-value of the one-sided Mann–Whitney
U test was computed on the distributions (further metrics are provided in Supplementary Fig. 4 and 5). Notice that the ARI cannot be computed for TRaIT and CALDER, as such
methods do not return cell attachments, while it is not shown for Sifit because of the low values. (A) To simulate unbalanced longitudinal datasets, we generated 20 independent
datasets for each topology, including 𝑛 = 100, 𝛼 = 0.01, 𝛽 = 0.1 for time points 𝑡 = 50 and 𝑡 = 300, and 𝑛 = 1000, 𝛼 = 0.03, 𝛽 = 0.3 for 𝑡 = 150. Each dataset in this and the next
scenarios was inflated with 10% of missing data, with a 0.5 probability. (B) To model technical variability, 20 independent datasets were sampled for each topology, in which
at each time point (𝑡 = 50, 150, 300), each dataset includes with uniform and independent probability: a number of cells in the set {100, 300, 600, 1000}, 𝛼 in the set {0.01, 0.02}
and 𝛽 in the set {0.1, 0.2}. (C) To account for higher error rates, 20 independent datasets for each topology were generated as in (B), with values of 𝛼 in the set {0.01, 0.02, 0.03}
and 𝛽 in the set {0.1, 0.2, 0.3}. (D) To model datasets generated with sampling limitations, we generated 20 independent datasets for each topology, in which at each time point
(𝑡 = 50, 150, 300), a number of cells in the set {100, 300, 600, 1000} was sampled from 𝜙 = 80% of the existing clones. Datasets were inflated with noise proportional to sample size:
𝛼 = 0.005, 𝛽 = 0.05 for 𝑛 = 100, 𝛼 = 0.01, 𝛽 = 0.1 for 𝑛 = 300, 𝛼 = 0.02, 𝛽 = 0.2 for 𝑛 = 600 and 𝛼 = 0.03, 𝛽 = 0.3 for 𝑛 = 1000.

order to estimate the effectiveness in inferring both the ground-truth
generative topology and the underlying clonal dynamics.

In detail, we generated 300 independent datasets from 15 topolo-
gies, in which we sampled a number of cells in the range 𝑛 =

{100, 300, 600, 1000} from 𝜙 = 80% of the existing clones at any given
time point (𝑡 = 50, 150, 300). For instance, if at time 𝑡 = 150 9 clones
were present in the simulated data, all single cells were sampled from
7 randomly selected clones. Datasets were then inflated with noise rates
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proportional to the sample size, and a 0.5 probability was set for each
dataset to have 𝛾 = 0.1 of missing entries, as for the other settings (for
the complete parameter settings please refer to the SI).

Also in this scenario, LACE outperforms all competing methods with
respect to all metrics, with highly significant p-values of the Mann–
Whitney U test and noteworthy percentage gains, also displaying the
lowest variance. Such results prove that LACE is able to deliver a robust
temporal representation of intra-tumor heterogeneity from longitudinal
data even in conditions of relevant sampling limitations, as expected
when processing sequencing data from biopsies of solid tumors (see the
case studies in the next subsection).

All in all, the results on simulated data show the effectiveness of
LACE in delivering accurate and robust results in a wide range of
realistic experimental scenarios, in which temporally ordered datasets
from single-cell sequencing experiments are characterized by a high
variability of sample size, error rates and sampling modes. We also
recall that LACE’s output is more expressive than those of methods
designed to process single-time point datasets, as it allows one to
quantify the clonal prevalence variation in time, as well as to estimate
the temporal positioning of phenomena such as clone emergence or
extinction, for instance as a consequence of a therapy.

Further experiments on simulated data. We further tested the robustness
of LACE in a variety of additional simulated scenarios. In particular,
we assessed the inference accuracy when the real error rates are not
provided as input and the grid search is employed. In Supplementary
Fig. 8 one can see that LACE is robust and produces reliable results
when employing the grid search on false positive/negative rates (please
refer to the SI, in particular Supplementary Table 3, for details on the
settings of this and the following experiments). Analogously, the results
are stable even when wrongly specified error rates are provided as input
to LACE (Supplementary File 3).

We also tested a number of additional in-silico scenarios which
include violations of the Infinite Sites Assumption (ISA) [40] and in-
volving, in particular: (𝑖) back mutations, due, e.g., to loss of heterozy-
gosity (LOH), and (𝑖𝑖) homoplasies (i.e., identical variants observed
in independent branches of the model), which underlie scenarios of
convergent/parallel evolution. In Supplementary Fig. 6 one can see
that LACE achieves optimal performances also in presence of relatively
high proportions of variants affected by back mutations, whereas in
Supplementary Fig. 7 the robustness of the results delivered by LACE
is proven also with respect to convergent evolution scenarios.

2.3. Application of LACE to real-world datasets

Application of LACE to longitudinal scRNA-seq dataset from PDXs of
BRAF -mutant melanomas — Dataset #1. We applied LACE to a longi-
tudinal dataset from [37]. In the study, the authors analyze multiple
omics data generated from both bulk and single-cell experiments, to in-
vestigate minimal residual disease (MRD) in patient-derived xenografts
from BRAF-mutant melanomas. In particular, they expose PDXs to
BRAFV600E/K inhibitor (i.e., dabrafenib), either alone or in combination
with a MEK inhibitor (i.e., trametinib), and they perform multiple
sequencing experiments at different time points.

Despite finding de novo mutations in known oncogenes (e.g., MEK1
and NRAS) in resistant cells, the authors’ analyses of the copy num-
ber alteration profiles, performed via massively parallel sequencing of
single-cell genomes, was not sufficient to effectively characterize the
clonal architecture and evolution of the tumor, whose composition
appear to be similar prior to and after the treatment. Conversely, by
analyzing transcriptomic data from both bulk and single-cell RNA-seq
experiments, the authors were able to identify four distinct cell sub-
populations, characterized by specific transcriptional states (i.e., neural
crest stem cell – NCSC, invasive, pigmented and starved-like melanoma
cell – SMC), which are insensitive to treatment and eventually lead to
relapse, whereas the remaining cell subpopulations get quickly extinct.

Based on these findings, the authors hypothesize that the co-emergence
of drug-tolerant states within MRD is predominantly due to the phe-
notypic plasticity of melanoma cells, which results in transcriptional
reprogramming.

We here aim at refining the analysis of the clonal evolution of
the tumor, by employing single-cell mutational profiles, as generated
by calling variants from scRNA-seq data. In particular, we employed
the GATK Best Practices [38] to identify good-quality variants and
we finally selected 6 somatic SNVs, by applying a number of filters
based on statistical and biological significance, and which might be
considered as candidate drivers for this tumor (see Methods). We
finally executed LACE with 50000 MCMC iterations, 100 restarts and
by employing the grid-search on error rates.

The LACE model shown in Fig. 3A–B reveals the presence of a
clonal trunk including a nonsynonymous somatic mutation on ARPC2
– a known melanoma marker [54] –, and of two distinct subclones,
with somatic mutations on PRAME and RPL5 as initiating events.
In particular, PRAME is a melanoma-associated antigen and known
prognostic and diagnostic marker, which was recently targeted for
immunotherapy [55]. RPL5 is a candidate tumor suppressor gene for
many tumor types and displays inactivating mutations or focal dele-
tions in around 28% of melanomas, which usually result in somatic
ribosome defects [56].

The PRAMEMUT subclone is characterized by the accumulation of
further nonsynonymous mutations in HNRNPC, COL1A2 and CCT8
and displays an overall prevalence around ∼ 70% before treatment (𝑡0).
In particular, HNRNPC is a heterogeneous ribonucleoprotein involved
in mRNA processing and stability, and its regulation appears to be in-
volved in the PLK1-mediated P53 expression pathway, as it was shown
via quantitative proteomic analysis on BRAFV600/E mutant melanoma
cells treated with PLK1-specific inhibitor [57]. COL1A2 is an extracel-
lular matrix protein that is supposed to maintain tissue integrity and
homeostasis, and was identified as a melanoma marker [58], as well
as a candidate prognostic factors in several cancer types [59]. CCT8
encodes the theta subunit of the CCT chaperonin, and was found as
up-regulated or mutated in several cancer types [60].

After 4 days of therapy (𝑡1), the tumor volume halves. In partic-
ular, the RPL5MUT subclone seems to disappear, whereas both the
clonal subpopulation and the PRAMEMUT subclone maintain a stable
prevalence. A further reduction of tumor volume is observed after
28 days of treatment (∼ 9% of the volume at 𝑡0), whereas at day
57 (𝑡3) a significant growth is observed, in which the tumor reaches
∼ 29% of the initial volume, hinting at a possible relapse likely due
to cells developing resistance. RPL5MUT subclone reappears at time 𝑡3
with a prevalence around ∼ 16%, suggesting that its absence at time
points 𝑡1 and 𝑡2 may be due to sampling limitations, which however
do not affect the capability of LACE of inferring a correct evolution
model. At time 𝑡3, the prevalence of all (sub)clonal subpopulations is
similar to that of time 𝑡0, hinting at the absence of significant clonal
selection. In Fig. 3G one can find the adjacency matrix representing
the parental edges of the models inferred by LACE, SCITE, TRaIT and
SiCloneFit (the complete models are shown in Supplementary Figures
10, 11 and 12). One can notice that, despite noteworthy differences,
several phylogenetic relations, e.g., ARPC2 – PRAME, are retrieved by
distinct methods.

We then analyzed the composition of (sub)clones with respect to
the cellular states identified in [37] via single-cell transcriptomics
analysis (Fig. 3C). Consistently with the findings in the article, the
majority of cells in all (sub)clones are in a proliferative state before
treatment, whereas at time point 𝑡1 and 𝑡2 no proliferative cells are
left and all (sub)clones undergo transcriptional reprogramming, by
displaying heterogeneous cell states (mostly starving-like melanoma
cells, SMC), which result in acquired resistance at time 𝑡3, when cells
restart proliferating in all (sub)clones.

As only minor differences are observed among (sub)clones with
respect to cellular states, we refined the transcriptomic analysis, by first
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Fig. 3. LACE model — PDX MEL006. (A) The longitudinal evolution of the PDX MEL006 derived from a BRAF mutant melanoma [37] returned by LACE is displayed. Single-cells
were isolated and sequenced via scRNA-seq at four subsequent time points: (𝑡0) before treatment (𝑛 = 146 single cells); (𝑡1) after 4 days of concurrent treatment with BRAF inhibitor
(i.e, dabrafenib) and MEK inhibitor (i.e, trametinib) (𝑛 = 111), (𝑡2) after 28 days of treatment (𝑛 = 90), (𝑡3) after 57 days of treatment (𝑛 = 128). Single-cell mutational profiles from
scRNA-seq datasets were generated by applying the GATK Best Practices [38], and 𝑚 = 6 somatic variants were selected as candidate drivers to be used as input in LACE, with
the procedure described in the main text. Each node in the output model represents a candidate (sub)clone, characterized by a set of somatic variants (colored squares). Solid
edges represent parental relations, whereas dashed lines represent persistence relations. The clonal prevalence, as measured by normalizing the single-cell count, is displayed near
the nodes and marked in red if lower than 1%. (B) The representation via a standard fishplot, generated via TimeScape [52], is displayed. The volume size at different time
points is taken from [37]. (C) The composition of the clonal subpopulation (green) and of both the RPL5MUT (yellow) and PRAMEMUT (blue) subclones with respect to the cellular
states identified via single-cell transcriptomics analysis in [37] is shown for each time point (cells labeled by the authors as ‘‘other’’ were excluded from the analysis). (D) The
diffusion maps [53] computed on 58 differentially expressed genes identified via ANOVA test (FDR adjusted 𝑝 < 0.10) is shown; plots are generated via SCANPY,wolf2018scanpy.
A distinct diffusion map is shown for each time point, in which only the cells sampled at each time point are colored according to the clonal identity (i.e., clonal trunk, RPL5MUT

subclone or PRAMEMUT subclone). (E) The proportion of cells in G1, S and G2/M phases with respect to the distinct (sub)clones is shown with barplots for each time point. Cell
phases are estimated on 97 cell cycle genes via SCANPY. At time point 𝑡1 and 𝑡2 all cells in phase S belong to the PRAMEMUT subclone. (F) In the table, the number of somatic
variants �̃�, the number of single cells 𝑛 and the estimated false positive and false negative rates, 𝛼 and 𝛽, are returned for each time point. (G) The adjacency matrix describing
the edges of the models returned by LACE, SCITE, TRaIT and SiCloneFit is shown. (H) A ternary plot showing the trajectories of the (sub)clonal subpopulations in the cell cycle
space is shown. In the barycentric plot the three variables represent the ratio of cells belonging to phase G1, S and G2/M, respectively, and sum up to 1.

focusing on differentially expressed genes. The differential expression
analysis, performed via standard ANOVA among all (sub)clones on
all time points (data normalized by library size, FDR adjusted 𝑝 <
0.10), allowed us to identify PRAME as significantly up-regulated in
PRAMEMUT cells, with log2-fold-change = 0.71; several other genes are
found as differentially expressed among (sub)clones, yet with larger
values of FDR 𝑝-value (the list of differentially expressed genes and
the relative FDR p-values and fold-change values are provided in Sup-
plementary File 1; please refer to the SI for further details on the
analysis).

In order to analyze in depth the transition leading cells to resistance,
we performed the same analysis with respect to the distinct time
points. Interestingly, the list of differentially expressed genes among
(sub)clones (FDR 𝑝 < 0.10) includes no genes at time 𝑡0, 𝑡1 or 𝑡3, but
it includes 58 genes at time 𝑡2 (see the Supplementary File 1). Within
such group, 5 genes are significantly up-regulated in PRAMEMUT cells
and display a log2-FC larger than 3, namely NGLY1 (log2-FC = 4.28),

CDCA7 (log2-FC = 3.45), HK1 (log2-FC = 3.27), DNAJB4 (log2-FC
= 3.27), ISOC2 (log2-FC = 3.11; the distribution of gene expression
values at time 𝑡2 in PRAMEMUT and PRAMEWT cell subpopulations is
shown in Supplementary Fig. 13). The results of this analysis suggest
that, in addition to shifting their cellular states, distinct (sub)clones
may differently respond to the therapy, and this would result in a
transient increase of phenotypic heterogeneity, especially at time 𝑡2.

This aspect is particularly evident by looking at the projection
of single cells in the space of the 58 most significant differentially
expressed genes (FDR 𝑝 < 0.10), represented via diffusion maps [53]
in Fig. 3D. Before treatment (𝑡0), almost all cells are positioned in the
left region of the map and appear to be highly intermixed, proving
the existence of a homogeneous phenotypic behavior. At time 𝑡1, the
RPL5MUT subclone (yellow) disappears, whereas the clonal subpopu-
lation (green) undertakes an apparent shift toward the right region
of the map, which is characterized by transcriptional patterns that
progressively diverge from those observed prior to the therapy, and
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which may possibly indicate high levels of cellular stress. This effect is
notably amplified at time 𝑡2, where an explicit split of the clonal and the
PRAMEMUT subpopulations can be observed, also in correspondence of
the maximum dispersion of the cells on the map.

This outcome would further prove that distinct genetic clones may
indeed suffer the effects of BRAF/MEK inhibition in different ways, dur-
ing the resistance development phase, and this would result in different
transcriptional patterns. At time point 𝑡3, when cells have achieved
resistance and restart proliferating, RPL5MUT subclone expands, and all
cells appear to be intermixed on the left portion of the diffusion map
once again.

We analyzed the cell cycle phase of the single cells at different
time points, as estimated on 97 cell cycle genes via SCANPY [61]. In
Fig. 3E one can see that cells are distributed across phases G1, S and
G2/M in expected proportions in all (sub)clones before therapy (𝑡0).
Strikingly, at time point 𝑡1 and 𝑡2 all cells in phase S belong to subclone
PRAMEMUT, whereas all cells of the clonal subpopulation are found in
phase G1 or G2/M. At time 𝑡3 the scenario resembles that of time 𝑡0
and all (sub)clones include cells in all cell cycle phases. By looking at
the ternary plot representing the proportion of cells in different cell
cycle phases (Fig. 3H), it is possible to notice that the clonal and the
PRAMEMUT subpopulations indeed undertake distinct trajectories in
presence of therapy, before returning to a state similar to the initial
one.

This major result proves that the concurrent BRAF/MEK inhibition
indeed affects in distinct ways different genetic clones during the
resistance development stage. Apparently, cells lacking the PRAME
mutation would be prevented from proceeding into S phase, whereas
this effect would be highly mitigated in PRAMEMUT cells. All in all,
these results cast a new light on the relation between clonal evolution
and phenotype at the single-cell level, and suggest that distinct genetic
clones may respond to therapy in significantly different ways.

In the SI we present a detailed analysis of the stability of LACE’s
results for this case study. In particular, we show that the consistency
of the output model is preserved when either subsets or supersets
of the selected somatic variants are considered and, similarly, when
performing downsampling and oversampling of the original dataset (see
Supplementary Figs. 15 and 16).

Application of LACE to longitudinal targeted scDNA-seq dataset from PDXs
of triple-negative breast tumors — Dataset #2. We applied LACE to a
second longitudinal dataset from single-cell targeted DNA-sequencing
experiments, presented in [39]. In the work, primary and metastatic
tissues of breast cancer patients were serially transplanted into immun-
odeficient mice to generate xenograft lines, and the clonal dynamics
was investigated by tracking single nucleotide and structural variants
from bulk sequencing experiments. In addition, the authors performed
targeted deep SNV re-sequencing to validate the clonal expansion of
two xenograft series at the single-cell resolution. Sample SA501, in par-
ticular, was generated from a triple-negative breast primary tumor and
was selected by the authors because of the interesting post-engraftment
clonal dynamics.

After pre-processing and QC, the mutational profile matrix provided
as input to LACE includes �̃� = 20 somatic variants and 𝑛 = 27, 36, 27
single cells for time points 𝑡0 = 𝖷𝟣, 𝑡1 = 𝖷𝟤 and 𝑡2 = 𝖷𝟦, respectively
(Fig. 4B, please refer to the Methods section for further details on this
dataset).

As no procedure for driver identification was employed in the
original article, we here applied a key feature included in LACE,
which allows one to cluster variants with respect to the similarity on
expected genotype profiles of the single cells. The intuition is that the
somatic variants displaying similar patterns of co-occurrence across
single cells may indicate a single (sub)clone, composed of cells with
distinct genotypes (Fig. 4C; see Methods for further details). In Fig. 4A
the LACE model of sample SA501 is displayed, which delivers a picture
of the longitudinal evolution of the tumor at the resolution of both

genotypes and candidate (sub)clones (LACE was executed with 50000
MCMC iterations, 100 restarts and by employing the grid-search on
error rates).

6 candidate (sub)clones are identified by LACE, including a varying
number of genotypes, and describing a complex clonal architecture.
More in detail, a branching evolution scenario is observed, revealing
the presence of two main subclones (#1 and #5), which appear from
the clonal subpopulation prior to the first passage (𝑡0). From subclone
#1, further subclones emerge and are progressively selected through
time, with a late subclone (#4) originating after time 𝑡1 and leading
to a selection sweep at time 𝑡2 (clonal prevalence ∼ 88%). Interestingly,
the evolution model returned by LACE is consistent with that proposed
by the authors of the original work, who employed PyClone [62] to
cluster mutations from bulk sequencing data and MrBayes [63] to
reconstruct a phylogenetic model on single-cells (Fig. 4D). In particular,
the cascading acquisition of mutations from parental to descendant
clones observed by the authors is here refined by the explicit temporal
ordering among genotypes provided by LACE, and which might used
to generate hypotheses on driver identification (the cell attachment
inferred by our analysis and that returned in the original work are
provided in Supplementary File 2).

The application of LACE to a further dataset from [39] (sample
SA494) is discussed in the SI (Supplementary Fig. 17), in which we
show that our method is able to identify a rare clone at the metastatic
level, prior to its expansion observed after transplanting in xenografts.

3. Discussion

Cancer is an evolutionary process in which cells progressively accu-
mulate somatic variants and undergo selection, while competing in a
complex microenvironment [64]. Such variants can be used to track the
evolution of a single tumor, to characterize intra-tumor heterogeneity
and to identify the genomic makeup of (sub)clones responsible for
therapy resistance or phenotypic switches [65].

LACE is the first algorithmic framework that can process single-cell
datasets collected at different time points to produce longitudinal clonal
trees of tumor evolution. Our approach can explicitly model different
error rates and sample size in distinct experiments, which is typical in
longitudinal studies. Accordingly, it can leverage the information ex-
tracted from possibly biased or non-exhaustive samplings of the tumor’s
cells, which, instead, might lead to erroneous evolutionary inference
when using single-time point datasets. Moreover, as the results are
noise-tolerant, LACE can deliver reliable results even with extremely
imperfect mutational profiles, as those derived by calling variants
from transcriptome. This allows one to exploit transcriptomic data,
commonly available for most single-cell studies, to assess the clonal
composition and the history of a tumor, and to directly investigate
for the first time the relation between genomic clonal evolution and
phenotype at the single-cell level, for instance in response to a certain
treatment.

We note that new reliable protocols for high-quality genotyping of
single cells from transcriptomic data are starting to appear, as proposed,
for instance, with the Genotyping of Transcriptomes approach [18], in
which the 10x Genomics platform is modified to amplify the targeted
transcript and locus of interest. The improvement of the confidence on
variant calling will accordingly enhance the accuracy of the results de-
livered by LACE. Furthermore, it was recently shown [66] that somatic
mutations in mitochondrial DNA can be tracked by single-cell RNA
sequencing and used for efficient lineage tracing. LACE might be easily
employed with data on somatic mtDNA mutations from longitudinal
cancer samples, once available. On a side note, the recent impressive
advancements in spatial genomics/transcriptomics [67,68] may soon
reach the single-cell resolution, allowing for a prompt employment of
our theoretical framework on longitudinal samples, hence paving the
way for an integrative analysis of the spatial and temporal properties
of cancer evolution. In any scenario, it is reasonable to expect a surge
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Fig. 4. LACE model — Sample SA501. (A) The longitudinal evolution inferred by LACE on 3 PDXs generated from triple-negative breast tumor sample SA501 [39] is displayed.
Targeted DNA sequencing experiments were performed on single cells of PDXs at three subsequent passages – 𝑡0 = 𝖷𝟣 (𝑛 = 27 single cells), 𝑡1 = 𝖷𝟤 (𝑛 = 36) and 𝑡2 = 𝖷𝟦 (𝑛 = 27), by
selecting a panel of 10 germline SNVs and 45 somatic SNVs. Single-cell mutational profiles were generated by discretizing the alternative allele ratio as proposed in the original
work. Somatic SNVs displaying a ratio of missing data > 0.15 and germline mutations were filtered-out prior to the inference. As a result, 𝑚 = 20 somatic variants were selected
to be used as input in LACE. Each node in the output model represents a genotype characterized by a set of somatic mutations (colored squares). Solid edges represent parental
relations, whereas dashed lines represent persistence relations. The prevalence of each genotype, as measured by normalizing the single-cell count, is displayed near the nodes.
Colored shades mark 6 groups of mutations, which are identified by clustering variants according to the mutation distance defined in the text and shown in panel C, and which
might represent candidate (sub)clones (the number of clusters was selected by following the analysis in [39]). In upper-right box, the number of somatic variants �̃�, the number
of single cells 𝑛 and the estimated false positive and false negative rates, 𝛼 and 𝛽, are returned for each time point. The representation via a standard fishplot, generated via
TimeScape [52] at the resolution of candidate (sub)clones, is displayed on the right. (B) The oncoprint returning the single-cell mutational profile used in the analysis is shown.
Black cells represent single cells in which the SNV is present, whereas gray cells represent missing values. (C) A heatmap returning the mutation distance among the 20 somatic
variants used in the analysis is displayed (see Methods). 6 clusters identify candidate (sub)clones, and correspond to the 6 genotypes discussed in [39]. (D) The phylogenetic clonal
model presented in [39] is displayed. .

of high-quality cancer longitudinal single-cell datasets, which might
be used in LACE to track the evolution of tumors at unprecedented
resolution.

Even though the application of longitudinal single-cell sequencing
in clinical settings is still in its infancy, we expect a rapid diffusion
of these techniques, for instance in the context of hematological clonal
disorders, where cancer cells are readily accessible over time. The avail-
ability of tools dedicated to the analysis of longitudinal single-cell data
will allow the study of the detailed molecular mechanisms triggered by
the therapies directly in primary cancer cells [36]. Notably, in many
hematological clonal disorders, such as Chronic Myeloid Leukemia,
the leukemic stem cells and in particular the quiescent subset proved

to be resistant even to targeted therapies such as Imatinib or second
generation BCR-ABL1 inhibitors [69,70]. Unfortunately, the nature
of this resistance is still elusive, owing to the technical challenges
involved in studying rare cell populations during treatment by using
conventional approaches. In this scenario, LACE may be employed to
characterize the resistance mechanisms selectively occurring in small
subsets of the cancer cells pool.

As shown in the case studies, the innovative features of LACE allow
one to deliver experimental hypotheses with translational relevance.
For instance, the model inferred from the BRAF-mutant melanoma PDX
dataset produced a high-resolution picture of the evolutionary history
of the tumor, as shaped by events such as the administration of a
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therapy. Furthermore, LACE allowed us to identify (sub)clones that
show different sensitivity to the therapy. In particular, we detected an
unexpected behavior of the cell cycle machinery in different (sub)clones
upon treatment, with only PRAMEMUT subclone maintaining a fraction
of cells in S phase. These findings suggest that longitudinal single-cell
analyses are effective in dissecting the mechanisms by which cancer
cells react upon treatment, at least for clonal disorders where tumor
cells are readily accessible. All in all, by explicitly allowing a mapping
between the clonal evolution and the phenotypic properties of single
cells, LACE proved to be a powerful and expressive tool to decipher
intra-tumor heterogeneity on multiple scales.

Our method was proven to be robust with respect to violations
of the ISA on due to, e.g., back mutations and homoplasies. Yet,
the theoretical framework might be easily extended to account for
possible violations of the ISA, as proposed, e.g., in [21,71,72], and
by possibly leveraging the information on copy-number alterations.
Furthermore, as both bulk and single-cell sequencing data may be
increasingly available in longitudinal studies, the integration of both
data types within our framework might allow one to improve the clone
identification and the inference quality, as proposed in [35,73]. Finally,
once a significant number of longitudinal single-cell datasets would be
available on specific cancer types, techniques based on transfer learning
might be applied to our models to identify possible patterns of recurrent
evolution across tumors, as proposed by some of the authors in [74].

4. Methods

4.1. Inputs

LACE requires longitudinal single-cell mutational profiles, as com-
puted on a panel of selected somatic variants, e.g., single-nucleotide
variants (SNVs), indels or structural variants. Mutational profiles can
be generated via variant calling, e.g., from single-cell DNA-sequencing
data – either whole-genome/exome or targeted sequencing –, or single-
cell RNA-sequencing data.

In particular, the latter represents a cost-effective and increasingly
widespread option [75], despite known technological issues, such as the
impossibility of calling variants from non-transcribed regions, the typ-
ically low coverage and the high levels of data-specific noise [76,77].
However, we have shown that the results of LACE are noise-tolerant
(see Fig. 2) and, therefore, it can be efficiently applied to possibly
incomplete or noisy mutational profiles.

Notice that, as any statistical inference method, the reliability of
the results is higher when the sampling bias is limited, as single-cell
samplings should be ideally significant of the tumor’s composition at
any time point. However, by exploiting the information extracted from
multiple datasets sampled from the same evolutionary history, LACE
can deliver statistically significant output models even with possibly
biased, incomplete or imperfect samplings, as opposed to standard
methods for single-time point data.

In our framework, a genotype defines a subset of single cells sharing
the same set of somatic variants. In order to select high-quality variants,
filters on statistical significance (e.g., recurrence thresholds) and on
clinical/functional features should be employed, aimed at reducing
the impact of noise of single-cell measurements and excluding non
functional variants (e.g., rare polymorphisms).

Moreover, it may be sound to select somatic variants that might
be candidate drivers for that specific tumor, i.e., mutations impacting
the phenotypic variation among clonal populations. To this end, the
presence of known variants involving oncogenes and tumor suppressor
genes should be first verified. Previously uncharacterized mutations
might be also selected, if significantly present in the samples. The
identification of putative drivers allows one to define (sub)clones, which
we here consider as subsets of single cells sharing the same set of
drivers. However, as driver identification is a typically hard task, at

least when relying on data of single patients, one should prudently refer
to candidate (sub)clones when interpreting the output model.

Furthermore, in case no reliable driver selection is possible, after
the inference LACE allows one to group genotypes according to the
similarity of co-occurrence of mutations across single-cells (see below);
in fact, groups with similar patterns of co-occurrence may indicate a
candidate (sub)clone. In any case, the clonal evolution of the tumor
inferred by our method is consistent at the resolution of both geno-
types and (sub)clones, as LACE’s theoretical framework relies on the
existence of a coherent process of accumulation of somatic variants.

4.2. The algorithmic framework

Longitudinal single-cell data factorization problem. Consider the case of
𝑦 single-cell (DNA or RNA) sequencing experiments, taken at different
time points 𝑡1 ≤ 𝑡2 ≤ ⋯ ≤ 𝑡𝑦. After variant calling and pre-processing
(see above), for each time point 𝑡𝑠 (with 𝑠 = 1… 𝑦), a data matrix 𝐃𝑠
is generated, including the binary mutational profiles of 𝑛𝑠 different
single cells on the set of �̃� somatic mutations observed in at least one
experiment. In detail, each row of 𝐃𝑠 represents a single cell of the
𝑠th experiment and each column a mutation: an element 𝑑𝑠𝑖,𝑗 is 1 if we
observe mutation 𝑗 in cell 𝑖 of the 𝑠th experiment, is 0 if the mutation is
not detected, is labeled with NA if the coverage is below a user-defined
threshold. Notice that 𝐃𝑠 can include false positives and false negatives.

As a pre-processing step, LACE first merges the columns that have
identical values on all the rows, i.e., related to those mutations occur-
ring exactly in the same single cells, because statistically indistinguish-
able (as originally proposed in [22]). In such cases, the final model will
include aggregate mutational events (e.g., mutation A and mutation B).

We can then define the following binary matrices:

1. The expected genotype matrix 𝐆𝑠: a binary 𝑛𝑠 × �̃� matrix where
each row represents a single cell of the 𝑠th experiment (taken at
time 𝑡𝑠) and each column a mutation or an aggregate mutational
event (for the sake of clarity, in the following we will refer to
single mutations only). An element 𝑔𝑠𝑖,𝑗 is 1 if the mutation 𝑗 is
theoretically expected in cell 𝑖 of the 𝑠th experiment, given the
assumptions of our modeling framework, otherwise 𝑔𝑠𝑖,𝑗 is 0.

2. The phylogenetic matrix 𝐁: a binary 𝑘× �̃� matrix where each row
represents a genotype and each column a mutation; 𝑏𝑖𝑗 = 1 if
mutation 𝑗 is present in genotype 𝑖, otherwise 𝑏𝑖,𝑗 = 0. Each 𝐁
can uniquely be represented by a tree and vice versa [78,79].
Moreover, if we assume that the phylogenetic process is perfect
and that the Infinite Sites Assumption (ISA) holds [40], i.e., mu-
tations are never lost, there are no homoplasies and there is only
one root. 𝐁 has the following properties: (𝑖) 𝐁 is a square matrix
(𝑘 = �̃�), i.e., the number of genotypes is equal to the number
of mutations; (𝑖𝑖) the rank of 𝐁 is 𝑘; (𝑖𝑖𝑖) the Hamming distance
between any pair of rows of 𝐁 is ≥ 1 and there is a column of
𝐁 where all entries are 1; (𝑖𝑣) 𝐁 is a lower triangular matrix and
all the elements of its diagonal are equal to 1 [78,79].

3. The cell attachment matrix 𝐂𝑠: a binary 𝑛𝑠 × 𝑘 matrix, where
each row represents a single cell of the 𝑠th experiment and each
column a genotype; 𝑐𝑠𝑖,𝑗 = 1 if cell 𝑖 is associate to genotype 𝑗,
otherwise 𝑐𝑠𝑖,𝑗 = 0. We notice that each cell is attached exactly to
one genotype, i.e., the sum of any row of 𝐂𝑠 is equal to 1. Note
that this will allow one to easily compute the prevalence of any
genotype in the 𝑠th time point.

Assuming that, in a given tumor, there exists a unique generative
phylogenetic matrix 𝐁, given a set of expected genotype matrices
{𝐆𝑠}

𝑦
𝑠=1, the following factorizations hold:

𝐆𝑠 = 𝐂𝑠 ⋅ 𝐁, 𝑠 = 1, 2,… , 𝑦, (1)

where {𝐂𝑠}
𝑦
𝑠=1 is the set of cell attachment matrices.

However, as specified above, real-world data matrices typically
include false positives, false negatives and missing data. Thus, Eq. (1)



Journal of Computational Science 58 (2022) 101523

11

D. Ramazzotti et al.

might not hold when using 𝐃𝑠 instead of 𝐆𝑠, and standard phylogenetic
inference methods needs to be extended to model error rates and miss-
ing data (see, e.g., [19,20]). Notice that the formulation of an analogous
problem for longitudinal bulk sequencing data was introduced in [27].

Weighted likelihood function for the grid search formulation of LACE .
Here, we describe the case in which a parameter grid search is em-
ployed for false positive rates {𝛼𝑠}

𝑦
𝑠=1 and false negative rates {𝛽𝑠}

𝑦
𝑠=1,

including the specific case of single values provided as input (please
refer to the SI for the formulation of LACE when a Gaussian distribution
is assumed as prior for the error rates).

LACE employs a number of assumptions on the evolutionary pro-
cesses underlying the generation of single-cell mutational profiles,
which are detailed in the SI, in addition to the thorough description
of the statistical model (the probabilistic graphical model of LACE is
depicted in Supplementary Figure 1). Thanks to such assumptions, the
problem of maximizing the posterior probability is equivalent to the
maximization of the weighted log-likelihood objective function defined
as follows:

ln(𝑃 ({𝐃𝑠}
𝑦
𝑠=1|{𝐆𝑠}

𝑦
𝑠=1, {𝛼𝑠}

𝑦
𝑠=1, {𝛽𝑠}

𝑦
𝑠=1)) =

𝑦∑
𝑠=1

𝑤𝑠 ln(𝑃 (𝐃𝑠|𝐆𝑠, 𝛼𝑠, 𝛽𝑠)), (2)

where 𝑤𝑠 are weights aimed at modeling possible idiosyncrasies of
multiple longitudinal experiments, e.g., due to possible differences
in sequencing quality and/or in the number of sampled cells. The
definition of a weighted likelihood function allows us to explicitly
account for experimental and technological differences among exper-
iments collected at distinct time points and represents one of the
major novelties of our approach. The choice of appropriate weights is
problem- and data-specific and can benefit from a broad literature in
statistical inference (see, e.g., [80]). In general, uniform weights would
bias the solution toward datasets with larger sample sizes. For this
reason, if no prior is available on the quality of the single experiments,
we suggest as default weight for the 𝑠th dataset composed by 𝑛𝑠 cells:
𝑤𝑠 = (1 − 𝑛𝑠

𝑛𝑇
)∕(𝑦 − 1), where 𝑛𝑇 is the total number of cells of all the

experiments, and 𝑦 ≥ 2 is the number of experiments.
To compute every terms of Eq. (2) we employ the following formula:

𝑃 (𝐃𝑠|𝐆𝑠, 𝛼𝑠, 𝛽𝑠) =
𝑛𝑠∏
𝑖=1

�̃�∏
𝑗=1

𝑃 (𝑑𝑠𝑖,𝑗 |𝑔𝑠𝑖,𝑗 , 𝛼𝑠, 𝛽𝑠), (3)

where 𝑑𝑠𝑖,𝑗 and 𝑔𝑠𝑖,𝑗 are elements of 𝐃𝑠 and 𝐆𝑠, and:

𝑃 (𝑑𝑠𝑖,𝑗 |𝑔𝑠𝑖,𝑗 , 𝛼𝑠, 𝛽𝑠) =

⎧⎪⎪⎪⎨⎪⎪⎪⎩

𝛼𝑠, 𝑖𝑓 𝑑𝑠𝑖,𝑗 = 1 𝑎𝑛𝑑 𝑔𝑠𝑖,𝑗 = 0,
1 − 𝛼𝑠, 𝑖𝑓 𝑑𝑠𝑖,𝑗 = 1 𝑎𝑛𝑑 𝑔𝑠𝑖,𝑗 = 1,
𝛽𝑠, 𝑖𝑓 𝑑𝑠𝑖,𝑗 = 0 𝑎𝑛𝑑 𝑔𝑠𝑖,𝑗 = 1,
1 − 𝛽𝑠, 𝑖𝑓 𝑑𝑠𝑖,𝑗 = 0 𝑎𝑛𝑑 𝑔𝑠𝑖,𝑗 = 0,
1, 𝑖𝑓 𝑑𝑠𝑖,𝑗 = NA,

(4)

with 𝛼𝑠 being the false positive rate of the 𝑠th experiment, 𝛽𝑠 the
false negative rate of the 𝑠th experiment, and NA label missing entries.
Notice that the values of 𝛼𝑠 and 𝛽𝑠 might be even extremely different
among datasets – e.g., due to technological features of the experiments,
i.e., LACE can explicitly model different error rates (please refer to
Supplementary Table 1 for a summary of the notation).

Search scheme. LACE’s output model is composed by the following
components: the phylogenetic matrix 𝐁, the cell attachment matrices
{𝐂𝑠}

𝑦
𝑠=1, the expected genotype matrices {𝐆𝑠}

𝑦
𝑠=1 and the estimated

error rates {𝛼𝑠}
𝑦
𝑠=1 and {𝛽𝑠}

𝑦
𝑠=1. The search space of the possible so-

lutions is huge, in fact given �̃� mutations, it includes a discrete term of
dimension (2�̃�−3)!

(�̃�−2)!2�̃�−2 for 𝐁, another discrete term of dimension ∏𝑦
𝑠=1 𝑛

�̃�
𝑠

for 𝐂𝑠, times the dimension of the error rates grid search.
As an exhaustive search can be achieved only for very small models,

LACE employs a Markov Chain Monte Carlo (MCMC) scheme via a
Metropolis–Hastings algorithm, to find the model that maximizes the

weighted likelihood function defined in (2), for each combination of
error rates included in the grid search. In particular, the MCMC includes
three ergodic moves on 𝐁 : (𝑖) pairwise node relabeling (default proba-
bility 0.55), (𝑖𝑖) prune and reattach of a single node and its descendants
to one of its predecessors (default probability 0.40), (𝑖𝑖𝑖) full node
relabeling (default probability 0.05). For each proposed configuration
𝐁′, we find the maximum likelihood {𝐂′

𝑠}
𝑦
𝑠=1 via an exhaustive search

and then, by evaluating the products between 𝐁′ and {𝐂′
𝑠}

𝑦
𝑠=1, we obtain

the proposed expected genotype matrices, i.e., {𝐆′}𝑦𝑠=1.
Thus, the acceptance ratio 𝜌 is given by:

𝜌{𝐆′
𝑠}

𝑦
𝑠=1

= min

{(
𝑃 ({𝐃𝑠}

𝑦
𝑠=1|{𝐆′

𝑠}
𝑦
𝑠=1, {𝛼𝑠}

𝑦
𝑠=1, {𝛽𝑠}

𝑦
𝑠=1)

𝑃 ({𝐃𝑠}
𝑦
𝑠=1|{𝐆𝑠}

𝑦
𝑠=1, {𝛼𝑠}

𝑦
𝑠=1, {𝛽𝑠}

𝑦
𝑠=1)

)1∕𝑇

, 1

}
, (5)

where 𝑇 is a learning rate parameter, which could be used to speed up
convergence as proposed in [19] (default value 𝑇 = 1). With proper
move probabilities, acceptance ratio and an infinite number of moves,
the MCMC is ensured to converge to the maximum weighted likelihood
solution [19,81] (see the Supplementary Figures 2 and 3 for the MCMC
convergence test and the computation time analysis).

LACE finally runs multiple parallel MCMC searches with the fixed
combinations of error rates included in the grid search and returns
the model that maximizes the weighted likelihood function in (2) and
which is marked with ̂ from now on. Notice that, as there might
be multiple models with the same maximum weighted likelihood, in
this case LACE returns all equivalent models as output (please refer
to the SI for the pseudocode of the algorithm and for the alternative
formulation in which the learning of the error rates is included in the
MCMC search).

Grouping genotypes via mutation distance. LACE also allows one to
assess the presence of groups/clusters of mutations with similar co-
occurrence patterns in the expected genotype matrix, after the infer-
ence. Such groups might likely indicate (sub)clones and allow one
to provide a coarse-grained resolution to the evolution analysis, and
might be particularly useful when a reliable driver identification is not
possible (see, e.g., the analysis shown in Fig. 4).

Given the concatenation �̂� of the maximum weighted likelihood
expected genotype matrices {�̂�𝑠}

𝑦
𝑠=1, the Euclidean distance between

two variants 𝑖 and 𝑗 (i.e., columns of �̂�), is given by:

(𝑖, 𝑗) =
( 𝑛∑

𝑘=1
(�̂�𝑘𝑖 − �̂�𝑘𝑗 )2

)1∕2

, (6)

where 𝑛 is the number of single cells in all experiments.(𝑖, 𝑗) can be then employed with standard clustering methods to
identify groups of co-occurring mutations in the expected genotype
matrix �̂� and indicating candidate (sub)clones.

4.3. Outputs

Given the maximum weighted likelihood solution, LACE provides
as output:

• the single-cell longitudinal clonal tree ̂ , i.e., a node-weighted
Steiner tree [82], where each vertex represents a specific
(sub)clone in a given time point and its weight quantifies the
prevalence. The edges can represent either parental relations
(i.e., linking a given genotype with its offspring(s)) or persistence
relations (i.e., linking the same genotype at different time points).
A formal definition of the single-cell longitudinal clonal tree
returned by LACE is provided in the SI.

• The perfect phylogenetic matrix: �̂�.
• The cell attachment matrices for each time point: {�̂�𝑠}

𝑦
𝑠=1.

• The expected genotype matrices for each time point: {�̂�𝑠}
𝑦
𝑠=1.

• The error rates of the maximum likelihood solution for each time
point: {�̂�𝑠}

𝑦
𝑠=1 and {�̂�𝑠}

𝑦
𝑠=1.

• The matrix of the pairwise distances among variants, computed
via (6).
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4.4. Real-world datasets description

Dataset #1 – Longitudinal scRNA-seq dataset from PDXs of BRAF-mutant
melanomas. We applied LACE to a longitudinal scRNA-seq dataset
originally analyzed in [37]. In the study, a number of PDXs were
derived from BRAFV600E/K mutant melanoma patients and were treated
with concurrent BRAF/MEK-inhibition. In our analysis, we selected
PDX MEL006, for which four temporally-ordered scRNA-seq datasets
are available: (𝑖) pre-treatment, (𝑖𝑖) after 4 days of treatment, (𝑖𝑖𝑖) after
28 days of treatment, (𝑖𝑣) after 57 days of treatment. In the study, whole
transcriptome amplification was made with a modified Smart-seq2
protocol and libraries preparation were performed using the Nextera
XT Illumina kit. Samples were sequenced on the Illumina NextSeq
500 platform, by using 75bp single-end reads. Low-quality cells were
filtered-out based on library size, number of genes expressed per cell,
ERCCs, house-keeping gene expression and mitochondrial DNA reads,
and a total of 674 cells was finally included in the dataset [37].

We applied further filters to remove cells displaying a fraction of
counts on mitochondrial genes larger than 20% and cells displaying
outlier values with respect to library size. As a result, we selected 475
single cells for downstream analysis.

In order to call SNVs and indels from such dataset, we employed the
GATK Best Practices [38], which are proven to be effective even with
single-cell data [75] (see the SI for a detailed description of the GATK
pipeline). A VCF file including 272674 unique variants was generated
and subsequently annotated with Annovar [83].

A first filtering step was applied to discard low-quality or non
functional variants. First, synonymous and unknown mutations were
removed (196320 unique mutations left); second, variants observed in
less than two reads in each single cell were filtered-out (195931 unique
mutations left); third, we employed a threshold of 1% on minor allele
frequency, to remove possible germline mutations, as no normal tissue
was included in the study (191599 unique mutations left).

A further filtering step was then employed to identify a list of
putative drivers to be used in LACE. We first selected the mutations
showing a frequency greater than 5% in at least one time point (595
unique mutations left). We then marked as missing entries (i.e., NA)
the variants in a position with coverage lower than 3, as they might
be miscalled due to gene expression down-regulation. We kept the
mutations displaying less than 40% of missing data on all time points
(151 unique mutations left), a median coverage larger than 10 and a
median alternative read count larger than 4 (82 unique mutations left).
As a final step, we manually curated the list of 82 remaining variants, to
verify the possible presence of errors due to amplification (i.e., strand
slippages) or alignment artifacts.

As a result, we selected the following 6 candidate drivers to be pro-
vided as input to LACE: ARPC2 (chr2: 218249894, C>T, nonsynonymous
substitution), CCT8 (chr21: 29063389, G>A, nonsyn.), COL1A2 (chr7:
94422978, C>A, nonsyn.), HNRNPC (chr14: 21211843, C>T, nonsyn.),
PRAME (chr22: 22551005, T>A, stop-gain), RPL5 (chr1: 92837514, C>G,
nonsyn.). The oncoprint including the mutational profiles of the single
cells is displayed in Supplementary Fig. 9.

Dataset #2 – Longitudinal targeted scDNA-seq dataset from PDXs of triple-
negative breast tumors. LACE was applied to two scDNA-seq datasets
from PDXs of triple-negative breast tumors from [39], namely samples
SA501 and SA494. The analysis of sample SA501 is presented in the
main text (Fig. 4), whereas that of sample SA494 is presented in the SI
(Supplementary Figure 17).

For sample SA501, we processed the allelic frequency matrix in-
cluding a panel of 10 germline and 45 somatic variants selected by the
authors, on the three engraftment passages for which single-cell deep
re-sequencing was performed (i.e., X1, X2 and X4).

In particular, we excluded germline variants and defined a binary
mutational profile, by considering each somatic SNV in each single
cell as: (𝑖) present (1) if the allelic frequency ≥ 0.10, (𝑖𝑖) absent (0)

if the allelic frequency is ≤ 0.01, (𝑖𝑖𝑖) missing entry (NA) if the allelic
frequency is > 0.01 and < 0.10 or if already marked as uninformative
(< 25 mapped reads).

Finally, we filtered out all the variants displaying a value of missing
data (NA) ≥ 0.15 in all time points, to focus on highly confident SNVs.
As a result, the mutational profile matrix provided as input to LACE
includes �̃� = 20 somatic variants and 𝑛 = 27, 36, 27 single cells for time
points 𝑡0 = 𝖷𝟣, 𝑡1 = 𝖷𝟤 and 𝑡2 = 𝖷𝟦, respectively (Fig. 4B).

For all details regarding the analysis of sample SA494, please refer
to Section 3.2 of the SI.

4.5. Simulations

To generate synthetic datasets we employed the tool from [43],
which simulates a branching process modeling the population dynamics
of cancer subpopulations, characterized by the accumulation of ran-
dom mutations, which can either be drivers – i.e., inducing a certain
proliferative advantage –, or passengers – i.e., with no effect. The
simulator eventually returns the list of existing genotypes (including
both passengers and drivers) and the relative prevalence at any time
point, where a single time step corresponds to a generation (i.e., a
replication event — see the SI for further details and the parameter
settings).

We selected 15 simulation scenarios in which a number of drivers
between 7 and 15 was observed, from which we sampled a large num-
ber of independent longitudinal single-cell mutational profile datasets
including the drivers only, on three distinct time points, i.e., 𝑡 =
50, 150 and 300. Single cells were randomly sampled with a probability
proportional to cellular prevalence and we finally inflated the resulting
binary mutational profiles with various rates of: false positives, 𝛼, false
negatives, 𝛽 and missing entries 𝛾.
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Data availability

LACE is available as an open source R tool on Bioconductor, at this
link: https://bioconductor.org/packages/release/bioc/html/LACE.html
and at the GitHub repository: https://github.com/BIMIB-DISCo/LACE.

The scRNA-seq dataset used in the first case study (PDX MEL006)
was downloaded from GEO: https://www.ncbi.nlm.nih.gov/geo/, ac-
cession code: GSE116237. The targeted scDNA-seq datasets used in the
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second case study (PDXs SA501 and SA494) were retrieved from the
Supplementary Information of the original article (Eirew et al., 2015).
The source code used to replicate all our analyses, including synthetic
and real datasets, is available at this link: https://github.com/BIMIB-
DISCo/LACE-UTILITIES.
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Characterization of viral evolution. Phylogenetic analyses are also commonly ap-
plied to monitor and characterize the evolution of epidemics, as in the case of the COVID-
19 pandemic [155]. In fact, the phylogenomic analysis of SARS-CoV-2 evolution has ben-
efited from the surge of sequencing data that are first collected and then made publicly
available on portals such as GISAID [138], Nextstrain [155] or Cov-Lineages.org [248].
In addition, in the last months, the number of deep sequencing data made available on
public databases (e.g., NCBI [160]) has increased, highlighting the benefits provided by
those data.

We remark the difference between Sanger sequencing and deep sequencing data.
The former returns consensus sequences including the most abundant nucleotide in each
genome position. The latter can provide information about the frequency of each variant
present in each genome position (i.e., variant frequency – VF). For instance, as one can
see in figure 3.1, we can consider as clonal mutations the ones that are common to all of
the virions and which are usually included in a consensus sequence (VF > 50%), while
as intra-host minor mutations the others. In fact, in each host, there is a mixture of
heterogeneous virus subpopulations known as viral quasispecies [214], which are supposed
to underlie most of the adaptive potential to the immune system response and anti-viral
therapies [238].

Interestingly, sequencing data of viral genomes, collected during an epidemic, share
similarities with cancer data. In fact, (i) we can call mutations by comparing each
viral genome with the ancestral one; (ii) viral samples are obtained daily, so many
of them share the same set of fixed mutations, similarly to a clonal population; (iii)
the mutational profile reflects the quasispecies heterogeneity that emerged in the hosts.
However, the main difference between virus diffusion and cancer progression is that an
infected host does not entirely inherit the viral genome after contagion. In particular, the
frequency of intra-host minor variants could dramatically change after a few consecutive
transmission events, due to founder effects or bottlenecks, as already observed for other
viruses (e.g., hepatitis C. [95]). In general, the chance of transmitting a mutation is
roughly proportional to its frequency.

For these reasons, clonal and intra-hosts mutations need to be considered differently.
In paper P#6, we propose a comprehensive statistical framework, which fully exploits
the whole frequency spectrum of viral mutations to infer a robust phylogeny tree and
then quantify the intra-host genomic diversity of viral samples. The workflow is called
VERSO (Viral Evolution ReconStructiOn), and is divided into two steps, explained
below.

VERSO step #1
The first step is based only on clonal (i.e., fixed) mutations (or consensus sequences).
Clonal mutations are most likely transmitted in the infection chain, so they accumulate
during the pandemic and can be used to infer the phylogenetic model of the virus. Phylo-
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Figure 3.1: Representation of the main assumptions in a viral infection scenario. A)
Infected patient carries a mixture of virions with common (green) and specific (orange
or light blue) mutations. A deep RNA-seq experiment enables the detection of either
clonal and intra-host minor variants. B) Original variant allele frequencies are changed
due to founder effects and bottlenecks selection (red line). C) During the infection of a
new host, further mutations are generated and selected.

genetic analyses that exploit viral consensus sequences are useful for example to provide
insights into the environment’s selective pressure and they can be helpful to evaluate the
diffusion of the principal viral strain among countries, or to pinpoint dangerous variants
[155, 249]. However, these methods might produce unreliable results when dealing with
noisy data due to sequencing errors or sampling limitations [16]. Moreover, they strug-
gle also in the presence of high number of samples with the same consensus sequence
(i.e., polytomies) [29], which are expected at the beginning of the epidemic spread or in
limited geographical areas

For these reasons, in the first step of our framework, we applied strategies bor-
rowed from cancer evolution to return more robust results. In particular, we applied
a noise-tolerant framework akin to paper P#5, to process binarized clonal variant pro-
files. Our approach employs perfect phylogeny constraint, assuming the ISA, to correct
false-positive and false-negative variants, and to handle missing observations (e.g., due
to low coverage). It is also designed to group samples with identical clonal genotype in
polytomies, avoiding ungrounded random orderings.
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We proved the performance of this inference step by generating an extensive array of
simulations, and compared it with two state-of-the-art methods for phylogenetic recon-
struction such as IQ-TREE [101] and BEAST 2 [77], which are outperformed in all the
experimental scenarios. We also assessed the reliability of the results by applying it on
two independent datasets of SARS-CoV-2 samples, obtaining similar phylogenetic trees.

VERSO step #2
In the second step, VERSO leverages the full variant frequency (VF) profile to charac-
terize and visualize intra-host genomic similarity of samples with identical (corrected)
clonal genotypes. The idea behind this choice lies in the fact that the transmission of
low-frequency variants also involves the transfer of clonal mutations, but the opposite
might not be true due e.g., to bottleneck events. Thus, patterns of co-occurrence of
minor variants detected in hosts may underlie links of possible infections. Samples were
compared after the application of techniques for dimensionality reduction and clustering
strategies commonly used in single-cell analysis. At the end of the analysis, samples
are projected and connected into a lower dimensional space (e.g., UMAP [159]) where
connections may suggest a probable infection chain.

To assess the reliability of our assumption, we exploited real contact tracing infor-
mation. The results indicate that the samples known to have infected each other were
positioned closer in the space generated by our method.

With VERSO we have therefore demonstrated how the use of only consensus se-
quences is limiting. Instead, deep sequencing data can be analyzed to return more
robust results, and information on probable chains of infection, particularly in early
phase of the outbreak. Finally, analyses provided by VERSO could be useful to assess
the impact of precautionary measures (e.g., lockdowns) or to enhance contact tracing
among individuals.
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SUMMARY

WeintroduceVERSO, a two-step framework for thecharacterizationofviral evolution fromsequencingdataof viral
genomes, which is an improvement on phylogenomic approaches for consensus sequences. VERSO exploits an
efficient algorithmic strategy to return robust phylogenies from clonal variant profiles, also in conditions of sam-
pling limitations. It then leverages variant frequency patterns to characterize the intra-host genomic diversity of
samples, revealing undetected infection chains and pinpointing variants likely involved in homoplasies. On simu-
lations,VERSOoutperformsstate-of-the-art tools forphylogenetic inference.Notably, theapplication to6,726am-
plicon and RNA sequencing samples refines the estimation of severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) evolution, while co-occurrence patterns ofminor variants unveil undetected infection paths, which
are validatedwith contact tracing data. Finally, the analysis of SARS-CoV-2mutational landscape uncovers a tem-
poral increase of overall genomic diversity and highlights variants transiting fromminor to clonal state and homo-
plastic variants, some of which fall on the spike gene. Available at: https://github.com/BIMIB-DISCo/VERSO.

INTRODUCTION

The outbreak of coronavirus disease 2019 (COVID-19), which

started in late 2019 in Wuhan (China)1,2 and was declared a

pandemic by the World Health Organization, is fueling the publi-

cation of an increasing number of studies aimed at exploiting the

information provided by the viral genome of severe acute respi-

ratory syndrome-coronavirus 2 (SARS-CoV-2) virus to identify its

THE BIGGER PICTURE The gravity of the COVID-19 pandemic has fostered a surge of works analyzing
SARS-CoV-2 consensus sequences to reconstruct phylogenomic models of its evolution and diffusion.
Yet, such approaches do not account for intra-host genomic diversity and may deliver inaccurate predic-
tions in conditions of noisy data and sampling limitations.
We propose VERSO, a data-science framework for the characterization of viral evolution from sequencing
data. By accounting for uncertainty in the data, VERSO delivers robust phylogenies also in conditions of
limited sampling and noisy observations. Additionally, the in-depth characterization of the intra-host
genomic diversity of samples allows one to identify undetected infection chains and clusters and to intercept
variants possibly undergoing positive selection. Accordingly, the joint application of our method and data-
driven epidemiological models may deliver a high-precision platform for contact tracing and pathogen sur-
veillance and characterization.

Proof-of-Concept: Data science output has been formulated,
implemented, and tested for one domain/problem

Patterns 2, 100212, March 12, 2021 ª 2021 The Author(s). 1
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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proximal origin, characterize the mode and timing of its evolu-

tion, as well as to define descriptive and predictive models of

geographical spread and evaluate the related clinical impact.3–5

As a matter of fact, the mutations that rapidly accumulate in the

viral genome6 can be used to track the evolution of the virus

and, accordingly, unravel the viral infection network.7,8

At the time of this writing, numerous independent laboratories

around the world are isolating and sequencing SARS-CoV-2 sam-

ples and depositing them on public databases (e.g., GISAID9)

whose data are accessible via the Nextstrain portal.10 Such

data can be employed to estimate models from genomic epide-

miology and may serve, for instance, to estimate the proportion

of undetected infected people by uncovering cryptic transmis-

sions, as well as to predict likely trends in the number of infected,

hospitalized, dead, and recovered people.11–13

More in detail, most studies employ phylogenomic ap-

proaches that process consensus sequences, which represent

the dominant virus lineage within each infected host. A growing

plethora of methods for phylogenomic reconstruction is avail-

able to this end, all relying on different algorithmic frameworks,

including distance-matrix, maximum parsimony, maximum like-

lihood, or Bayesian inference, with various substitution models

and distinct evolutionary assumptions (see, e.g., Refs.10,14–22).

However, while such methods have repeatedly proven effective

in unraveling themain patterns of evolution of viral genomes with

respect to many different diseases, including SARS-CoV-2,10,23–25

at least two issues can be raised.

First, most phylogenomics methods might produce unreliable

results when dealing with noisy data, for instance due to

sequencing issues, or with data collected with significant sam-

pling limitations,14,26,27 as witnessed for most countries during

the epidemics.28,29

Second, most methods do not consider the key information on

intra-host minor variants (also referred to as minority variants or

intra-host single nucleotide variants), which can be retrieved

from whole-genome deep sequencing raw data and might be

essential to improve the characterization of the infection dy-

namics and to pinpoint positively selected variants.30–32 Due to

the high replication, mutation, and recombination rates of RNA

viruses, subpopulations of mutant viruses, also known as viral

quasispecies,30 typically emerge and coexist within single hosts,

and are supposed to underlie most of the adaptive potential to

the immune system response and to anti-viral therapies.31,33,34

In this regard, many recent studies highlighted the noteworthy

amount of intra-host genomic diversity in SARS-CoV-2 sam-

ples,35–43 similarly to what has already been observed in many

distinct infectious diseases.8,32,44–48

Here, we introduce VERSO (viral evolution reconstruction), a

new comprehensive framework for the inference of high-resolu-

tion models of viral evolution from raw sequencing data of viral

genomes (see Figure 1). VERSO includes two consecutive algo-

rithmic steps.

Step #1: robust phylogenomic inference from clonal
variant profiles
VERSO first employs a probabilistic noise-tolerant framework to

process binarized clonal variant profiles (or, alternatively,

consensus sequences), to return a robust phylogenetic model

also in conditions of sampling limitations and sequencing issues.

Byadaptingalgorithmic strategieswidelyemployed incancerevo-

lution analysis,49–52 VERSO is able to correct false-positive and

false-negative variants, can manage missing observations due to

low coverage, and is designed to group samples with identical

(corrected) clonal genotype in polytomies, avoiding ungrounded

arbitrary orderings. As a result, the accurate and robust phyloge-

nomic models produced by VERSO may be used to improve the

parameter estimation of epidemiological models, which typically

rely on limited and inhomogeneous data.11,29 Notice that this

step can be executed independently from step #2; for instance,

in case raw sequencing data are not available.

Homoplasy detection (clonal variants)

The first step of VERSO allows one to identify clonal mutations

that might be involved in reticulation events53,54 and, in partic-

ular, in homoplasies, possibly due to positive selection in a sce-

nario of convergent/parallel evolution,55 founder effects,31 or

mutational hotspots.56 Such information might be useful to drive

the design of opportune treatments and vaccines; for instance,

by blacklisting positively selected genomic regions.

Step #2: characterization of intra-host genomic diversity
In the second step, VERSO exploits the information on variant

frequency (VF) profiles obtained from raw sequencing data (if

available), to characterize and visualize the intra-host genomic

similarity of hosts with identical (corrected) clonal genotype. In

fact, even though the extent and modes of transmission of qua-

sispecies from a host to another during infections are still

elusive,31,57 patterns of co-occurrence of minor variants de-

tected in hosts with identical clonal genotype may provide an

indication on the presence of undetected infection paths.8,58

For this reason, the second step of VERSO is designed to char-

acterize and visualize the genomic similarity of samples by

exploiting dimensionality reduction and clustering strategies

typically employed in single-cell analyses.59 Alternative ap-

proaches for the analysis of quasispecies, yet with different

goals and algorithmic assumptions, have been proposed, for

instance in Refs.60–63 and recently reviewed in Knyazev et al.64

As specified above, VERSO step #2 is executed on groups of

samples with identical clonal genotype: the rationale is that the

transmission of minor variants implicates the concurrent transfer

of clonal variants, excluding the rare cases in which the VF of a

clonal variant significantly decreases in a given host; for instance

due to mutation losses (e.g., via recombination-associated dele-

tions or via multiple mutations hitting an already mutated

genome location34) or to complex horizontal evolution phenom-

ena (e.g., super-infections65,66). Conversely, the transmission of

clonal variants does not necessarily implicate the transfer of all

minor variants, which are affected by complex recombination

and transmission effects, such as bottlenecks.31,57 As a final

result, VERSO allows one to visualize the genomic similarity of

samples on a low-dimensional space (e.g., UMAP [uniformmani-

fold approximation and projection]67 or tSNE [t-distributed sto-

chastic neighbor embedding]68) representing the intra-host

genomic diversity, and to characterize high-resolution infection

chains, thus overcoming the limitations of methods relying on

consensus sequences.

Homoplasy detection (minor variants)

Importantly, minor variants observed in hosts with distinct clonal

genotypes (identified via VERSO step #1) may indicate
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Figure 1. VERSO framework for viral evolution inference and intra-host genomic diversity quantification

(A) In this example, three hosts infected by the same viral lineage are sequenced. All hosts share the same clonal mutation (T>C, green), but two of them (#2 and

#3) are characterized by a distinct minor mutation (A>T, red), which randomly emerged in host #2 and was transferred to host #3 during the infection. Standard

sequencing experiments return an identical consensus sequence for all samples, by employing a threshold on VF and by selecting mutations characterizing the

dominant lineage.

(B) VERSO takes as input the VF profiles of samples, generated from raw sequencing data. In step #1, VERSO processes the binarized profiles of clonal variants

and solves a Booleanmatrix factorization problem bymaximizing a likelihood function via MCMC, in order to correct false-positives/-negatives andmissing data.

As output, it returns both the corrected mutational profiles of samples and the phylogenetic tree, in which samples with identical corrected clonal genotypes are

grouped in polytomies. Corrected clonal genotypes are then employed to identify homoplasies of minor variants, which are further investigated to pinpoint

positively selected mutations. The VF profile of minor variants (excluding homoplasies) is processed by step #2 of VERSO, which computes a refined genomic

distance among hosts (via Bray-Curtis dissimilarity, after PCA) and performs clustering and dimensionality reduction, in order to project and visualize samples on

a 2D space, representing the intra-host genomic diversity and the distance among hosts. This allows one to identify undetected transmission paths among

samples with identical clonal genotype.
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Figure 2. Comparative assessment on simulated data
(A–D) Synthetic datasets were generated via the widely used coalescent model simulator msprime70 (see the Supplementary Material and Table S1 for the

parameter settings). Twenty distinct topologies with 1,000 samples were generated, including a number of distinguishable variants in the range (14, 31). For each

topology, four synthetic datasets were generated, with different sample sizes (n = 1000, 500), and different combinations of false-positives and false-negatives

(legend continued on next page)
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homoplasies, due to mutational hotspots, phantom mutations,

or to positive selection.56 VERSO pinpoints such variants for

further investigations and allows one to exclude them from the

computation of the VF-based genomic similarity prior to VERSO

step #2, to reduce the possible confounding effects.

To summarize, VERSO (1) returns accurate and robust phylog-

enies of viral samples, by removing noise from clonal variant pro-

files; (2) detects reticulation events due to homoplasies of clonal

variants; (3) exploits minor variant profiles to characterize and

visualize the intra-host genomic similarity of samples with iden-

tical (corrected) clonal genotype, thus pinpointing undetected

infection paths; (4) allows one to identify and characterize homo-

plastic minor variants, which might be due to positive selection

or mutational hotspots.

To assess the accuracy and robustness of the results pro-

duced by VERSO, we performed an extensive array of simula-

tions, and compared with two state-of-the-art methods for

phylogenetic reconstruction; i.e., IQ-TREE10 and BEAST 2.22 As

amajor result,VERSO outperforms competingmethods in all set-

tings and also in condition of high noise and sampling limitations.

Furthermore, we applied VERSO to two large-scale datasets,

generated via amplicon and RNA-seq Illumina sequencing pro-

tocols, including 3,960 and 2,766 samples, respectively. The

robust phylogenomic models delivered via VERSO step #1 allow

us to refine the current estimation on SARS-CoV-2 evolution and

spread. Besides, thanks to the in-depth analysis of the muta-

tional landscape of both clonal and minor variants, we could

identify a number of variants undergoing transition to clonality,

as well as several homoplasies, including variants likely under-

going positive selection processes.

Remarkably, the infection chains identified via VERSO step #2,

by assessing the intra-host genomic similarity of samples with the

same clonal genotype, were validated by employing contact

tracing data from Rockett et al.69 This important result, which

could not beachievedbyanalyzing consensus sequences, proves

the effectiveness of employing raw sequencing data to improve

the characterization of the transmission dynamics, in particular

during the early phase of the outbreak, in which a relatively low di-

versity of SARS-CoV-2 has been observed at the consensus level.

VERSO is released as free open source tool at this link: https://

github.com/BIMIB-DISCo/VERSO.

RESULTS

Comparative assessment on simulations
In order to assess the performance of VERSO and compare it

with competing approaches, we executed extensive tests on

simulated datasets, generated with the coalescent model simu-

lator msprime.70 Simulations allow one to compute a number of

metrics with respect to the ground truth, which in this case is

the phylogeny of samples resulting from a backwards-in-time

coalescent simulation.71 Accordingly, this allows one to evaluate

the accuracy and robustness of the results produced by

competing methods in a variety of in-silico scenarios.

In detail, we selected 20 simulation scenarios with n = 1,000

samples in which a number of clonal variants (with distinguish-

able profiles) between 14 and 31 was observed. We then inflated

the datasets with false-positives with rate a and false-negatives

with rate b, in order to mimic sequencing and coverage issues.

Moreover, additional datasets were generated via random sub-

sampling of the original datasets, to model possible sampling

limitations and sampling biases. As a result, we investigated

four simulations settings: (A) low noise, no subsampling; (B)

high noise, no subsampling; (C) low noise, subsampling; and

(D) high noise, subsampling (see Experimental procedures and

the Supplemental experimental procedures for further details;

the complete parameter settings of the simulations are provided

in Table S1).

VERSO step #1was comparedwith two state-of-the-art phylo-

genetic methods from consensus sequences: IQ-TREE,10 the

algorithmic strategy included in the Nextstrain-Augur pipeline,72

and BEAST 2.22 Consensus sequences to be provided as input

to such methods were generated from simulation data by em-

ploying the reference genome SARS-CoV-2-ANC (see below).

The performance of methods was assessed by comparing the

reconstructed phylogeny with the simulated ground truth, in

terms of (1) absolute error evolutionary distance, (2) branch score

difference,73 and (3) quadratic path difference74 (please refer to

the Supplemental experimental procedures for a detailed

description of all metrics).

Figure 2 shows the performance distribution of all methods

with respect to all simulation settings. Notably, VERSO step #1

outperforms competing methods in all scenarios (Mann-Whitney

U test, p < 0.001 in all cases), with noteworthy percentage

improvements, also in conditions of high noise and sampling lim-

itations. This important result shows that the probabilistic frame-

work that underliesVERSO step #1 can producemore robust and

reliable results when processing noisy data, as typically

observed in real-world scenarios.

Reference genome
Different reference genomes have been employed in the analysis

of SARS-CoV-2 origin and evolution. Two genome sequences

from human samples, in particular, were used in early phyloge-

nomic studies, namely sequence EPI_ISL_405839 (ref. #1 in

the following) used, e.g., in Bastola et al.75 and sequence EPI_

ISL_402125 (ref. #2) used, e.g., in Andersen et al.3 Excluding

the polyA tails, the two sequences are identical for 29,865 of

29,870 genome positions (99.98%) and differ for only five

SNPs at locations 8,782, 9,561, 15,607, 28,144, and 29,095, for

which ref. #1 has haplotype TTCCT and ref. #2 has haplo-

type CCTTC.

In order to define a likely common ancestor for both se-

quences, we analyzed the Bat-CoV-RaTG13 genome (sequence

([a = 0.05, b = 0.05], [a = 0.10, b = 0.10]), for a total of four configurations (A, B, C, and D) and 80 independent datasets. VERSO step #1 was compared with IQ-

TREE10 and BEAST 2,22 on (1) absolute error evolutionary distance, (2) branch score difference73 and (3) quadratic path difference74 with respect to the ground-

truth sample phylogeny provided bymsprime (see the Supplemental experimental procedures for the description of the metrics). In the upper panels, distributions

are shown as violin plots, whereas lower panels include the empirical cumulative distribution functions. The percentage improvement of VERSO with respect to

competing methods is shown on all metrics (computed onmedian values), in addition to the p value of the two-sidedMann-Whitney U test on distributions, for all

settings.
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EPI_ISL_402131)1 and the Pangolin-CoV genome (sequence

EPI_ISL_410721),3,4 which were identified as closely related

genomes to SARS-CoV-2.76 In particular, it was hypothesized

that SARS-CoV-2 might be a recombinant of an ancestor of

Pangolin-CoV and Bat-CoV-RaTG13,4,77 whereas more recent

findings would suggest that the SARS-CoV-2 lineage is the

consequence of a direct or indirect zoonotic jump from bats.76

Whatever the case, both Bat-CoV-RaTG13 and Pangolin-CoV

display haplotype TCTCT at locations 8,782, 9,561, 15,607,

28,144 and 29,095 and, therefore, one can hypothesize that

such a haplotype was present in the unknown common ancestor

of ref. #1 and #2.

For this reason, we generated an artificial reference genome,

named SARS-CoV-2-ANC, which is identical to both ref. #1 and

#2 on 29,865 (over 29,870) genome locations, includes the polyA

tail of ref. #2 (33 bases), and has haplotype TCTCT at locations

8,782, 9,561, 15,607, 28,144, and 29,095 (see Figure S2 for a depic-

tion of the artificial genome generation). SARS-CoV-2-ANC is a

likely common ancestor of both genomes and was used for

variant calling in downstream analyses (SARS-CoV-2-ANC is

released in FASTA format as Data S1). Notice that VERSO pipe-

line is flexible and can employ any reference genome.

Application of VERSO to 3,960 samples from amplicon
sequencing data (dataset #1)
We retrieved raw Illumina Amplicon sequencing data of 3,960

SARS-CoV-2 samples of dataset #1 and applied VERSO to the

mutational profiles of 2,906 samples selected after quality

check (mutational profiles were generated by executing

variant calling via standard practices; see Experimental pro-

cedures for further details). Notice that the analysis of this

dataset was performed independently from that of dataset #2

in order to exclude possible sequencing-related artifacts or

idiosyncrasies.

VERSO step #1: robust phylogenomic inference from
clonal variant profiles
We first applied VERSO step #1 to themutational profile of the 29

variants detected as clonal (VF > 90%) in at least 3% of the sam-

ples, in order to reconstruct a robust phylogenomic tree. The

VERSO phylogenetic model is displayed in Figure 3A and high-

lights the presence of 25 clonal genotypes, obtained by

removing noise from data, and that define polytomies including

different numbers of samples (see Experimental procedures for

further details). The mapping between clonal genotype labels

and the lineage dynamic nomenclature proposed by Rambaut

et al.78 was obtained via pangolin 2.079 and is provided in Data S3.

More in detail, variant g.29095T>C (N, synonymous) is the

earliest evolutionary event from reference genome SARS-CoV-

2-ANC and is detected in 2,454 samples of the dataset. The

related clonal genotype G1, which is characterized by no further

mutations, identifies a polytomy including 57 Australian, 15 Chi-

nese, 12 American, and one South-African samples.

Three clades originate fromG1: a first clade includes clonal ge-

notypes G2 (six samples) and G3 (103), while a second clade in-

cludes clonal genotype G4 (86). Clonal genotypes G1–G4 are

characterized by the absence of single nucleotide variants

(SNVs) g.8782T>C (ORF1ab, synonymous) and g.28144C>T

(ORF8, p.84S>L) and correspond to previously identified type

A24 (also type S82), which was hypothesized to be an early

SARS-CoV-2 type.

The third clade originating from clonal genotypeG1 includes all

remaining clonal genotypes (G5-G25) and is characterized by the

presence of both SNVs g.8782T>C and g.28144C>T. This specific

haplotype corresponds to type B24 (also type L82) and an in-

crease of its prevalence has progressively recorded in the pop-

ulation, as one can see in Figure 3, as opposed to type A (S),

which was rarely observed in late samples. In this regard, we

note that there are currently insufficient elements to support

any epidemiological claim on virulence and pathogenicity of

such SARS-CoV-2 types, even if recent evidences would suggest

the existence of a low correlation.83

Variant g.23403A>G (S, p.614D>G) is of particular interest, as

proven by the increasing number of related studies.84–87 Such

a variant identifies a large clade including 11 clonal genotypes:

G15 (493 samples), G16 (1), G17 (512), G18 (25), G19 (118), G20

(94), G21 (648), G22 (90),G23 (127), G24 (4), and G25 (86), for a

total of 2,198 total samples, distributed especially in Australia

(971), the United States (841), South Africa (257), and Israel

(125). Importantly, a constant increase of the prevalence of

the haplotype corresponding to such variant is observed in

time (see Figure 3), which might hint at ongoing positive selec-

tion processes; e.g., due to increased viral transmission.

However, this hypothesis is highly debated88 and, in order to

investigate the possible functional effect of such variant and

the related clinical implications, in vivo and in vitro studies are

needed.87

By looking more in detail at the geo-temporal localization of

samples depicted via Microreact81 (Figure 3B), one can see that

the different clonal genotypes are distributed across the world

in distinct complex patterns, suggesting that most countries

might have suffered from multiple introductions, especially in

the early phases of the epidemics. In particular, samples are

distributed in 11 countries, with Australia (1,523 samples), United

States (910), South Africa (260), Israel (133), and China (45) rep-

resenting around 99% of the dataset.

The country displaying the largest number of samples is

Australia, with 1,523 samples, distributed in 22 different clonal

genotypes. The presence of a number of early clonal genotypes

(i.e., G1, G2, G3, G4, and G6) supports the hypothesis of multiple

introductions of SARS-CoV-2 in Australia. Interestingly, we note

that, from the 16th week on, the composition of the Australian

sample group tends to be polarized toward clonal genotypes

G17 (108/311 z 35%) and G25 (82/311 z 26%).

910 samples from the United States are included in the data-

set, distributed in 17 different clonal genotypes, with G21 being

the most abundant in the population (376/910 z 41%). Also in

this case, samples collected in the initial weeks belong to the

ancestral clades, supporting the hypothesis of multiple intro-

ductions. Notably, after the 17th week, all American samples

display the haplotype g.23403A>G (S,p.614D>G) and we notice

an overall decrease in genomic diversity, since the observed

clonal genotypes pass from 16 (week interval 9–16, 2020) to

8 (week interval 17–29, 2020). Notice that only 49.1% of the

American samples have a collection date.

Two-hundred and sixty samples from South Africa are

included in the dataset, which are partitioned in six different

clonal genotypes, four of which (G1, G8, G14, and G16) include
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a single sample, whereas 98.46% of the samples exhibit the

haplotype g.23403A>G (S,p.614D>G) and, specifically, are

included in clonal genotypes G15 and G17. Finally, all Chinese

samples were collected in the early phase (January–February,

2020) and are characterized by six different clonal genotypes

(i.e., G1, G6, G7, G9, G11, and G12).

Homoplasy detection (clonal variants)

Five clonal variants included in our model show apparent viola-

tions of the accumulation hypothesis, namely g.11083G>T (OR-

F1ab, p.3606 L>F), g.14805C>T (ORF1ab, synonymous),

g.18555C>T (ORF1ab, synonymous), g.27964C>T (ORF8,

p.24S>L), and g.28311C>T (N,p.13P>L), suggesting that they

A

C D

B

Figure 3. Viral evolution and intra-host genomic characterization of 2906 SARS-CoV-2 samples of via VERSO (dataset #1)

(A) The phylogenetic model returned by VERSO step #1 from the mutational profile of 2,906 samples selected after the quality check, on 29 clonal variants (VF >

90%) detected in at least 3% of the samples of dataset #1 (reference genome: SARS-CoV-2-ANC). Colors mark the 25 distinct clonal genotypes identified by

VERSO (the mapping with the lineage nomenclature proposed in Rambaut et al.78 and generated via pangolin 2.079 is provided in File S3). Samples with identical

corrected clonal genotypes are grouped in polytomies and the black sample represents the SARS-CoV-2-ANC genome (visualization via FigTree80). The green

curves juxtaposed to certain polytomies report the number and fraction of samples in which the five homoplastic mutations are observed (only if the mutation is

detected in at least 10 samples with the same corrected clonal genotype; see Data S2 for a summary on the samples exhibiting homoplastic clonal variants). The

projection of the intra-host genomic diversity computed by VERSO step #2 from VF profiles is shown on the UMAP low-dimensional space for the clonal ge-

notypes includingR100 samples. Samples are clustered via Leiden algorithm on the kNN graph (k = 10), computed on the Bray-Curtis dissimilarity on VF profiles,

after PCA. Solid lines represent the edges of the k-NNG.

(B) The composition of the corrected clonal genotypes returned by VERSO step #1 is shown. Clonal SNVs are annotated with mapping on ORFs, synonymous (S),

nonsynonymous (NS), and non-coding (NC) states, and related amino acid substitutions. Variants g.8782T>C (ORF1ab, synonymous) and g.28144C>T (ORF8,

p.84S>L) are colored in blue, whereas variant g.23403 A>G (S, p.614 D>G) is colored in red. The prevalence variation in time of the relative haplotypes (i.e., the

fraction of samples displaying such mutations) is also shown. The five homoplastic variants are colored in green.

(C and D) (C) The geo-temporal localization of the clonal genotypes via Microreact81 and (D) the prevalence variation in time are displayed.
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might be involved in homoplasies. In Figure 3 the samples in

which the five homoplastic variants are detected are highlighted

(if the mutation is detected in R10 samples with the same cor-

rected clonal genotype), whereas in Figure S3 one can find the

expanded clonal variant tree, in which the reticulation related

to such variants is explicitly depicted.

Some of such variants have been exhaustively studied (e.g.,

g.11083G>T in vanDorp et al.89), specifically to verify possible sce-

narios of convergent evolution, which may unveil the fingerprint of

adaptation of SARS-CoV-2 to human hosts. To this end, particular

attention should be devoted to the three non-synonymous substi-

tutions; i.e., g.11083G>T (present in 460 samples, z16% of the

dataset), g.27964C>T (182 samples, z6%) and g.28311C>T (153

samples, z5%). As a first result, we note the prevalence dy-

namics of the haplotypes defined by such variants does not

show any apparent growth trend in the population (see Figure S5).

To further investigate if such variants fall in a region prone to

mutations of the SARS-CoV-2 genome, we evaluated the muta-

tional density employing a sliding window approach similarly to

Soares et al.90 (see Supplemental experimental procedures for

additional details). As shown in Figure S4, themutational density,

computed by considering synonymousminor variants, exhibits a

median value of = 0.083 [syn.mutations][nucleotides]�1. Interest-

ingly, the three nonsynonymous SNVs (g.11083G>T, g.27964C>T

and g.28311C>T) are located within windows with a higher muta-

tional density than the median value: 0.085, 0.124, and 0.1
syn:mutations
nucleotides , respectively (see Table S5), and this would suggest

that they might have originally emerged due to the presence of

natural mutational hotspots or phantom mutations.

However, this analysis is not conclusive and further investiga-

tions are needed to characterize the functional effect of suchmu-

tations and the possible impact in the evolutionary and diffusion

process of SARS-CoV-2.

Stability analysis

The choice of an appropriate VF threshold to identify clonal var-

iants and, accordingly, to generate consensus sequences from

raw sequencing data might affect the stability of the results of

any downstream phylogenomic analysis. On the one hand, loose

thresholds might increase the risk of including non-clonal vari-

ants in consensus sequences. On the other hand, too strict

thresholds might increase the rate of false-negatives, especially

with noisy sequencing data.

For this reason, we assessed the robustness of the results pro-

duced by VERSO step #1 on dataset #1 when different thresh-

olds in the set d˛{0.5,0.6,0.7,0.8} are employed to identify clonal

variants, with those obtained with default threshold (d = 0.9), in

terms of tree accuracy (see the Supplemental experimental pro-

cedures for further details). As one can see in Figure S7, the tree

accuracy varies between 0.97 and 0.98 in all settings, proved the

results produced by VERSO step #1 are robust with regard to the

choice of the VF threshold for clonal variant identification.

VERSO step #2: Characterization of intra-host genomic
diversity
We then applied VERSO step #2 to the complete VF profiles of

the samples with the same clonal genotype and projected their

intra-host genomic diversity on the UMAP low-dimensional

space. This was done excluding (1) the clonal variants employed

in the phylogenetic inference viaVERSO step #1, (2) all minor var-

iants (VF % 90%) observed in more than one clonal genotype

(i.e., homoplasies) and that are likely emerged independently

within the hosts, due to mutational hotspots, phantom muta-

tions, or positive selection (see Experimental procedures and

the next subsections). Even though, as expected, the VF profiles

of minor variants are noisy, a complex intra-host genomic archi-

tecture is observed in several individuals. Moreover, patterns of

co-occurrence of minor variants across samples support the hy-

pothesis of transmission from one host to another.

In Figure 3 we display the UMAP plots for the clonal genotypes

including more than 100 samples, plus clonal genotype G4 (n =

86 samples), which was used for contact tracing analyses.

Such maps describe likely transmission paths among hosts

characterized by the same (corrected) clonal genotype and, in

most cases, suggests the existence of several distinct infection

clusters with different size and density. This result was achieved

by exploiting the different properties of clonal and minor variants

via the two-step procedure of VERSO.

Contact tracing

To corroborate our findings, we employed the contact tracing

data from Rockett et al.,69 in which 65 samples from dataset

#1 are characterized with respect to household, work location,

or other direct contacts. Four distinct contact groups, including

36, 15, 12, and 2 samples, respectively, are associated directly

or indirectly to three different New South Wales institutions

(i.e., institutions #1, #2, and #3) and to the same household envi-

ronment (household #1).

As a first result, all samples belonging to a specific contact

group are characterized by the same clonal genotype, deter-

mined via VERSO step #1, a result that confirms recent find-

ings.42,69 More importantly, the analysis of the intra-host

genomic diversity via VERSO step #2 allows one to highly refine

this analysis.

In Figure 4 one can find the UMAP plot of clonal genotypes G4,

G12, and G21, which include 36 (over 86), 14 (over 115), and 14

(over 648) samples with contact information. Strikingly, the distri-

bution of the pairwise intra-host genomic distance among

samples from the same institution/household (computed on

the K-nearest neighbor graph [k-NNG] via Bray-Curtis dissimi-

larity, after principal component analysis [PCA]; see Experi-

mental procedures) is significantly lower with respect to the dis-

tance of all samples with the same clonal genotype (p value of

the Mann-Whitney U test <0.001 in all cases). Furthermore, all

samples belonging to the same contact group are connected

in the k-NNG, while a noteworthy proportion of samples without

contact information in genotypes G12 and G21 are placed in

disconnected graphs (24.9% and 76.4%, respectively).

This major result suggests that patterns of co-occurrence of

minor variants can indeed provide useful indication on contact

tracing dynamics, which would be masked when employing

consensus sequencing data. Accordingly, the algorithmic strat-

egy employed by VERSO step #2 and, especially, the identifica-

tion of the k-NNG on intra-host genomic similarity provides an

effective tool to dissect the complexity of viral evolution and

transmission, which might in turn improve the reliability of

currently available contact tracing tools.

Homoplasy detection (minor variants)

Several minor variants are found in samples with distinct clonal

genotypes and might indicate the presence of homoplasies. In

ll
OPEN ACCESS Article

8 Patterns 2, 100212, March 12, 2021



this respect, the heatmap in Figure 5F returns the distribution of

minor SNVs with respect to (1) the number of distinct clonal ge-

notypes in which they are detected, and (2) the mutational den-

sity of the region in which they are located (see the Supplemental

experimental procedures for details on the mutational density

analysis).

The intuition is that the variants detected in single clonal geno-

types (left regionof theheatmap)are likelyspontaneouslyemerged

private mutations, or the result of infection events between hosts

with same clonal genotype (see above). Conversely, SNVs found

in multiple clonal genotypes (right region of the heatmap) may

have emerged due to positive selection in a parallel/convergent

evolution scenario, or to mutational hotspots or phantom muta-

tions. To this end, the mutational density analysis provides useful

information to pinpoint mutation-prone regions of the genome.

Interestingly, a significant number of minor variants are

observed in multiple clonal genotypes and fall in scarcely

mutated regions of the genome (see Figure S4). This would sug-

gest that some of these variants might have been positively

selected, due to some possible functional advantage or to trans-

mission-related founder effects. In this respect, we further

focused our investigation on a list of 80 candidate minor variants

that (1) are detected in more than one clonal genotype, (2) are

present in at least 10 samples, (3) are nonsynonymous, and (4)

fall in a region of the genome with mutational density lower

than the median value (see Table S6 for details on such variants).

In the following, we focus on a subset of such variants falling on

the spike gene of the SARS-CoV-2 genome.

Considerations on homoplasies falling on the spike gene

The spike protein of SARS-CoV-2 plays a critical role in the recog-

nition of the ACE2 receptor and in the ensuing cell membrane

fusion process.91 We prioritized three candidate homoplastic mi-

nor variantsoccurringon theSARS-CoV-2 spike gene (S) (seeTable

S6). Interestingly, two out of three, namely g.24552T>C (p.997I>T)

and g.24557G>T (p.999G>C), detected in 57 samples in total (10

and 47 samples, respectively), clustered in the so-called

connector region (CR),bridgingbetween the twoheptad repeat re-

gions (HR1 and HR2) of the S2 subunit of the spike protein.

A

B

C

Figure 4. Infection dynamics revealed via characterization of intra-host genomic similarity (dataset #1)
(A) The distribution of the pairwise intra-host genomic distance (computed via Bray-Curtis dissimilarity on the kNN graph, with k = 10, after PCA; see Experimental

procedures) for the samples belonging to the same household or institution (including samples marked as near), versus the pairwise distance of all samples

belonging to clonal genotypes G4, G12, and G21. The p values of the Mann-Whitney U test two-sided are also shown.

(B) The proportion of samples that are disconnected in the kNN graph, with respect to the samples belonging to the same household or institution (including

samples marked as near) and with respect to all samples.

(C) The UMAP projection of the intra-host genomic diversity of the samples belonging to clonal genotypes G4, G12, and G21, returned by VERSO step #2.
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When the receptor binding domain (RBD) binds to ACE2 re-

ceptor on the target cell, it causes a conformational change

responsible for the insertion of the fusion peptide (FP) into the

target cell membrane. This, in turn, triggers further conforma-

tional changes, eventually promoting a direct interaction be-

tween HR1 trimer and HR2, which occurs upon bending of the

flexible CR, in order to form a six-helical HR1-HR2 complex

known as the fusion core region (FCR) in close proximity to the

target cell plasma membrane, ultimately leading to viral fusion

and cell entry.92

Peptides derived from the HR2 heptad region of enveloped vi-

ruses and able to efficiently bind to the viral HR1 region inhibit the

formation of the FCR and completely suppress viral infection.93

Therefore, the formation of the FCR is considered to be vital to

mediate virus entry in the target cells, promoting viral infectivity.

Of note, the CR is highly conserved across the Gammacoronavi-

rus genus, supporting the notion that this region may play a very

important but still unclear functional role (Figure 5G). Although

structural and in vitro models will be required in order to exten-

sively characterize the functional effect of these variants, the ev-

idence that two of our three minor variants detected in the spike

protein falls in a small domain comprising less than 14% of the

entire spike protein length is intriguing, as it suggests a potential

functional role for these mutations. It will be important to track

the prevalence of these mutations, as well as of all other candi-

date convergent variants falling on different region of the SARS-

CoV-2, to highlight possible transitions to clonality (see below).

We also remark that, being a data-science computational

approach, VERSO can struggle in dissecting complex mutational

cases, since all the experimental hypotheses that can be gener-

ated are clearly data dependent. For this reason, and given the

heterogeneity and limitations of currently available SARS-CoV-2

datasets, any hypothesis delivered byVERSO requires additional

independent investigations and ad hoc experimental validations.

Mutational landscape
We analyzed in depth the mutational landscape of the samples

of dataset #1. First, the comparison of the number of clonal

A B C

D

G

E F

Figure 5. Mutational landscape of 2906SARS-CoV-2 samples (dataset #1)

(A) Scatterplot displaying, for each sample, the number of clonal (VF > 90%) and minor variants (VF % 90%, node size proportional to the number of samples).

(B andC) Boxplots returning the distribution of the number of clonal (B) andminor variants (C), obtained by grouping samples according to collection date (weeks,

2020). The p value of the Mann-Kendall (MK) trend test on clonal variants is highly significant.

(D) Distribution of the median VF for all SNVs detected in the viral populations.

(E) Pie charts returning (left) the proportion of SNVs detected as always clonal, always minor, or mixed; (right) for each category, the proportion of synonymous,

nonsynonymous, and non-coding variants (check the pie-chart border color for a visual clue).

(F) Heatmap returning the distribution of alwaysminor SNVs with respect to (x axis) the number of clonal genotype of the phylogenomic model in Figure 3 in which

each variant is observed, (y axis) the mutational density of the genome region in which it is located (see the Supplemental experimental procedures).

(G) Mapping of the candidate homoplastic minor variants located on the spike gene of the SARS-CoV-2 virus.
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(VF > 90%) and minor variants detected in each host (Figure 5A)

reveals a bimodal distribution of clonal variants (with first mode

at 4 and s mode at 10), whereas minor variants display a more

dispersed long-tailed distribution with median equal to 2 and

average z23. From the plot, it is also clear that individuals

characterized by the same clonal genotype may display a signif-

icantly different number of minor variants, with distinct distribu-

tions observed across clonal genotypes.

The comparison of the distribution of the number of variants

obtained by grouping the samples with respect to collection

week (Figures 5B and 5C) allows us to highlight a highly statisti-

cally significant increasing trend for clonal variants (Mann-Ken-

dall trend test on median number of clonal variants, p < 0.001).

This result would strongly support both the hypothesis of accu-

mulation of clonal variants in the population and that of a concur-

rent increase of overall genomic diversity of SARS-CoV-2,36,94

whereas the relevance of this phenomenon on minor variants is

unclear.

We then focused on the properties of the SNVs detected in the

population. Surprisingly, the distribution of the median VF for

each detected variant (Figure 5D) reveals a bimodal distribution,

with the large majority of variants showing either a very low or a

very high VF, with only a small proportion of variants showing a

median VF within the range 10%–90%. This behavior is typical

of systems where the prevalence of some subpopulations is

driven by positive Darwinian selection while others are purified.95

In order to analyze the two components of this distribution, we

further categorized the variants as always clonal (i.e., SNVs de-

tected with VF >90% in all samples), alwaysminor (i.e., SNVs de-

tected with VF 5% and %90% in all samples), and mixed (i.e.,

SNVs detected as clonal in at least one sample and as minor in

at least another sample). As one can see in Figure 5E, 9.4%,

80.6%, and 10% all SNVs are respectively detected as always

clonal, always minor, and mixed in our dataset. Moreover,

56%, 73.4%, and 57.6% of always clonal, always minor, and

mixed variants, respectively, are nonsynonymous, whereas the

large majority of remaining variants are synonymous.

These results would suggest that, in most cases, randomly

emerging SARS-CoV-2minor variants tend to remain at a low fre-

quency in the population, whereas, in some circumstances,

certain variants can undergo frequency increases and even

become clonal, due to undetected mixed transmission events

or to selection shifts, as it was observed by Poon et al.8 for the

cases of H3N2 and H1N1/2009 influenza. Interestingly, 15 vari-

ants identified as possibly convergent (see above) fall into this

category and deserve further investigations (see Table S6 for

additional details).

Transmission bottleneck analysis

The estimation of transmission bottlenecks might be of specific

interest during the current pandemics. Despite most available

methods requiring data collected on donor-host couples (see,

e.g., Sobel Leonard et al.96 and Ghafari et al.97), here we em-

ployed a strategy akin to Monsion et al.98 and Lequime et al.99

that is roughly based on the analysis of the variation of the VF

variance of a number of candidate neutral mutations. The intui-

tion is that variance shrinking indicates significant transmission

bottlenecks, which, accordingly, would result in lower viral diver-

sity transferred from a host to another and, possibly, in purifica-

tion of certain variants in the population. As the analysis ideally

requires the comparison of groups in which infection events

have occurred, here we considered groups of samples with

distinct clonal genotypes, separately. We then selected a

number of variants as neutral markers. The rationale is that trans-

mission phenomena such as bottlenecks are expected to

significantly affect the VF variance of neutral markers (please

see Supplemental experimental procedures for further details).

More in detail, we first split the samples of each clonal genotype

forwhich acollectiondate is available intonon-overlappinggroups

corresponding to two consecutive time windows; i.e., before and

after the 14th week, 2020. Accordingly, three SNVs were selected

as candidate-neutral or quasineutral markers, namely variants

g.634T>C, g.14523A>G, and g.15168G>A. In Figure S6, one can

find the distribution of the VF of the selectedmarkers with respect

to the time windows, which highlights moderate variations of the

variance for all markers (see also Table S7. All in all, this result

would suggest the presence ofmild bottleneck effects, consistent

with recent studies involving donor-host data.43

Application of VERSO to 2,766 samples from RNA-
sequencing data (dataset #2)
We retrieved the raw Illumina RNA-sequencing data of 2,766

samples included in dataset #2 and applied VERSO to the muta-

tional profiles of 1,438 samples selected after quality check.

Twenty-three clonal variants were employed in the analysis, ac-

cording to the filters described later.

The resulting phylogenetic model is consistent with the one

obtained for dataset #1, despite minor differences (Figure S8A).

Specifically, 18 distinct clonal genotypes are identified by

VERSO step #1, 11 of which are identical to those found in the

analysis of dataset #1 (in such cases the same genotype label

was maintained; see Data S3 for the mapping with the lineage

nomenclature proposed by Rambaut et al.78). Five further clonal

genotypes are evolutionarily consistent and represent indepen-

dent branches detected due to the non-overlapping composition

of the dataset, and are labeled with progressive letters from the

closest genotype (i.e., G13a, G21a, G22a, G22b, G23a), while the

two samples of genotype G13a* might be safely assigned to ge-

notype G13a, since the absence of mutation g.3037C>T is likely

due to low coverage.

By excluding the remaining clonal genotype GH, which pre-

sents inconsistencies due to the presence of the candidate ho-

moplastic variant g.11083G>T (ORF1ab, p.3606L>F, see above),

all clonal genotypes display the same ordering in both datasets

(also see the expanded clonal variant tree in Figure S9). This

proves the robustness of the results delivered by VERSO step

#1 even when dealing with data generated from distinct

sequencing platforms.

By looking at the geo-temporal localization of samples ob-

tained viaMicroreact81 (Figure S8B), one can see that that dataset

#2 includes samples with a significantly different geographical

distribution with respect to dataset #1. This dataset contains

sample from 10 countries, with the large majority collected in

the United States (96.8%). More in detail, the samples of such

countries are mostly characterized by clonal genotype G21. We

further notice that, also for dataset #2, mutation g.23403A>G

(S,p.614D>G) becomes prevalent in the population at late collec-

tion dates. Moreover, only samples belonging to previously

defined type B are detected in this dataset.
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The analysis of the intra-host genomic diversity was also per-

formed for dataset #2 via VERSO step #2, which would suggest

the existence of undetected infection events and of several

infection clusters with distinct properties, even though no con-

tact tracing is available in this case. Overall, this proves the gen-

eral applicability of the VERSO framework, which can produce

meaningful results when applied to data produced with any

sequencing platforms. However, in order to minimize the

possible impact of data- and platform-specific biases, our sug-

gestion is to perform the VERSO analysis on datasets generated

from different protocols separately.

Scalability
We finally assessed the computational time required by VERSO

in a variety of simulated scenarios. The results are shown in

the Supplemental experimental procedures (Figure S10) and

demonstrate the scalability of VERSO also when processing

large-scale datasets.

DISCUSSION

We introducedVERSO, a comprehensive framework for the high-

resolution characterization of viral evolution from sequencing

data, which is an improvement on currently available methods

for the analysis of consensus sequences. VERSO exploits the

distinct properties of clonal and minor variants to dissect the

complex interplay of genomic evolution within hosts and trans-

mission among hosts.

On the one hand, the probabilistic framework underlying

VERSO step #1 delivers highly accurate and robust phylogenetic

models from clonal variants, also in conditions of noisy observa-

tions and sampling limitations, as proved by extensive simula-

tions and by the application to two large-scale SARS-CoV-2 data-

sets generated from distinct sequencing platforms. On the other

hand, the characterization of intra-host genomic diversity pro-

vided by VERSO step #2 allows one to identify undetected infec-

tion paths, which were in our case validated with contact tracing

data, as well as to intercept variants involved in homoplasies.

This may represent a major advancement in the analysis of

viral evolution and spread and should be quickly implemented

in combination with data-driven epidemiological models to

deliver a high-precision platform for pathogen detection and sur-

veillance.12,100 This might be particularly relevant for countries

that suffered outbreaks of exceptional proportions and for which

the limitations and inhomogeneity of diagnostic tests have

proved insufficient to define reliable descriptive/predictive

models of disease diffusion. For instance, it was hypothesized

that the rapid diffusion of COVID-19 might be likely due to the

extremely high number of untested asymptomatic hosts.101

More accurate and robust phylogenetic models may allow

one to improve the assessment of molecular clocks and,

accordingly, the estimation of the parameters of epidemiolog-

ical models such as susceptible-infected-recovered (SIR) and

susceptible-infected-susceptible (SIS),11,102 as well as to un-

ravel the cryptic transmission paths.8,12,13,103 Furthermore,

the finer grain of the analysis on intra-host genomic similarity

from sequencing data might be employed to enhance the

active surveillance; for instance, by facilitating the identifica-

tion of infection clusters and super-spreaders.104 Finally, the

characterization of variants possibly involved in positive selec-

tion processes might be used to drive the experimental

research on treatments and vaccines.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Alex Graudenzi, Institute of Molecular Bioimaging and Physiology, Consiglio

Nazionale delle Ricerche (IBFM-CNR), via F.lli Cervi, 93, 20,090 Segrate, Milan,

Italy. alex.graudenzi@ibfm.cnr.it.

Materials availability

This study did not generate new unique reagents.

Data and code availability

VERSO is freely available at this link: https://github.com/BIMIB-DISCo/

VERSO. VERSO step #1 is provided as an open source standalone R tool,

whereas step #2 is provided as a Python script. The source code to replicate

all the analyses presented in the manuscript, both on simulated and real-world

datasets, is available at this link: https://github.com/BIMIB-DISCo/VERSO-

UTILITIES.

SCANPY59 is available at this link: https://scanpy.readthedocs.io/en/stable/.

The Web-based tool for the geo-temporal visualization of samples, Micro-

react,81 is available at this link: https://microreact.org/showcase. The tool em-

ployed to plot the phylogenomic model returned by VERSO step #1 (in Newick

file format) is FigTree80 and is available at this link: http://tree.bio.ed.ac.uk/

software/figtree/. The tool used for the mapping between clonal genotype la-

bels and the dynamic nomenclature proposed by Rambaut et al.78 is pangolin

2.079 and is available at this link: https://github.com/cov-lineages/pangolin.

VERSO step #1: robust phylogenomic inference from clonal variant

profiles

VERSO is a novel framework for the reconstruction of viral evolution models

from raw sequencing data of viral genomes. It includes a two-step procedure,

which we describe in the following.

The first step of VERSO employs a probabilistic maximum-likelihood frame-

work for the reconstruction of robust phylogenetic trees from binarized muta-

tional profiles of clonal variants (or, alternatively, from consensus sequences).

This step relies on an evolved version of the algorithmic framework introduced

by Ramazzotti et al.105 for the inference of cancer evolution models from sin-

gle-cell sequencing data, and can be executed independently from step #2, in

case raw sequencing data are not available.

Inputs

The method takes as input a n ðsamplesÞ3mðvariantsÞ binary mutational pro-

filematrix, as defined on the basis of clonal SNVs only. In this case, an entry in a

given sample is equal to 1 (present) if the VF is larger than a certain threshold (in

our analyses, equal to 90%), it is equal to 0 if lower than a distinct threshold (in

our analyses, equal to 5%), and is considered as missing (NA) in the other

cases, thus modeling possible uncertainty in sequencing data or low

coverage.

Notice that consensus sequences can be processed by VERSO step #1 by

generating a consistent binarized mutational profile matrix. We also note that,

given the intrinsic challenges associated with a reliable identification of low VF

indels, the analysis focuses only on SNVs. Further details on the variant calling

pipeline employed in this study are provided next.

The algorithmic framework

VERSO step #1 is a probabilistic framework that solves a Boolean matrix

factorization problem with perfect phylogeny constraints and relying on the in-

finite sites assumption (ISA).106,107 The ISA subsumes a consistent process of

accumulation of clonal variants characterizing the evolutionary history of the

virus and does not allow for losses of mutations or convergent variants (i.e.,

mutations observed in distinct clades).

In this regard, we recall that that the variant accumulation hypothesis holds

only when considering clonal mutations. In fact, clonal mutations (e.g., A, B, C,

D, and E) are present, by definition, in the large majority of the quasispecies of

a given sample, depending on the chosen VF threshold (in our case, equal to

90%; see above). Since such variants are rarely lost, they are most likely trans-

mitted from one host to another during infections. In addition, the origination of
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new clonal mutations in single samples leads to the definition of new clonal ge-

notypes, following a standard branching process (e.g., A, AB, ABC, ABD,

ABDE). As a result, clonal mutations typically accumulate during the evolu-

tionary history of a virus, excluding complex scenarios involving reticulation

events,53 whereas clonal genotypes can clearly become extinct. Conversely,

variants with lower frequency do not necessarily accumulate, due to the

high recombination rates, as well as to bottlenecks, founder effects, and sto-

chasticity,31 and this is the reason why they were considered separately in the

analysis, via VERSO step #2 (see below).

More in detail, VERSO step #1 accounts for uncertainty in the data, by em-

ploying a maximum-likelihood approach (via Markov chain Monte Carlo

[MCMC] search) that allows for the presence of false-positives, false-nega-

tives, and missing data points in clonal variant profiles. As shown by Ramaz-

zotti et al.105 in a different experimental context, our algorithmic framework

ensures robustness and scalability also in case of high rates of errors and

missing data, due, for instance, to sampling limitations. Furthermore, it is

robust to mild violations of the ISA (e.g., due to reticulation events, such as

convergent variants) or mutation losses, which can be characterized after

the inference, if present (see the specific features on homoplasy detection dis-

cussed next). Please refer to the Supplemental experimental procedures for

further details on the algorithmic framework and its assumptions, including

the probabilistic graphical model depicted in Figure S1 and the summary of no-

tation in Table S4.

Outputs

The inference returns a set of maximum-likelihood variants trees (minimum 1)

as sampled during the MCMC search, representing the ordering of accumula-

tion of clonal variants, and a set of maximum-likelihood attachments of

samples to variants. Given the variants tree and the maximum-likelihood at-

tachments of samples to variants, VERSO outputs (1) a phylogenetic model

where each leaf correspond to a sample, whereas internal nodes correspond

to accumulating clonal variants; (2) the corrected clonal genotype of each

sample (i.e., the binary mutational profile on clonal variants obtained after

removing false-positives, false-negatives, and missing data).

The model naturally includes polytomies, which group samples with the

same corrected clonal genotype. The length of the branches in the model rep-

resents the number of clonal substitutions (which can be normalized with

respect to genome length), as in standard phylogenomic models, and the

clades of the model correspond to viral lineages. The VERSO phylogenetic

model is provided as output in Newick file format and can be processed and

visualized in standard tools for phylogenetic analysis, such as FigTree80 orDen-

droscope.108 Furthermore, VERSO allows one to visualize the geo-temporal

localization of clonal genotypes via Microreact.81

Additional feature: homoplasy detection on clonal variants

Violations of the ISA are possible and can be due to reticulation events53 such

as homoplasies (i.e., identical variants detected in samples belonging to

different clades) or to rare occurrences involving mutation losses (e.g., due

to recombination-related deletions or to multiple mutations hitting an already

mutated genome location34), as well as to infrequent transmission phenom-

ena, such as super-infections65,66 (a discussion on the general limitations of

approaches based on phylogenetic trees when dealing with reticulation events

is available elsewhere109–111).

In this regard, VERSO allows one to identify clonal mutations likely involved

in homoplasies, in a similar fashion to the plethora of works on mitochondrial

evolution and phylogenetic networks (discussed elsewhere53,54,56,112–114). In

detail, given the maximum-likelihood phylogenetic tree, VERSO can estimate

the variants that are theoretically expected in each sample. By comparing

the theoretical observations with the input data, VERSO can estimate the

rate of false-positives (i.e., the variants that are observed in the data but are

not predicted by VERSO), and false-negatives (i.e., variants that are not

observed but predicted). Variants that show particularly high estimated error

rates represent candidate homoplasies and are flagged. First, this allows

one to pinpoint samples exhibiting homoplastic mutations (see Figures 3

and S8) and, second, to reconstruct an expanded clonal variants tree, in which

candidate homoplastic mutations are duplicated after the inference, so to

allow the visualization of reticulation events, as proposed by Skála and

Zrzavỳ112 (see, e.g., Figures S3 and S9).

Furthermore, once this procedure has been completed, the list of flagged

variants can include (1)mutations falling in highlymutated regions due tomuta-

tional hotspots, (2) phantom mutations (i.e., systematic artifacts generated

during sequencing processes56), or (3) mutations that have been positively

selected in the population (e.g., due to a particular functional advantage).

Since one might be interested in identifying positively selected mutations,

VERSO allows one to perform a consecutive analysis that aims at highlighting

the mutation-prone regions of the genome and that might be due to mutational

hotspots or phantom mutations (see the Supplemental experimental proced-

ures for further details). We finally note that the detection of homoplasies for

minor variants requires a different algorithmic procedure, which is detailed in

the following.

VERSO step #2: characterization of intra-host genomic diversity

In the second step,VERSO takes into account the VF profiles of groups of sam-

ples with the same corrected clonal genotype (identified via VERSO step #1), in

order to characterize their intra-host genomic diversity and visualize it on a

low-dimensional space. This allows one to highlight patterns of co-occurrence

of minor variants, possibly underlying undetected infection events, as well as

homoplasies involving; e.g., positively selected variants. Notice that this step

requires raw sequencing data and the prior execution of step #1.

Inputs

VERSO step #2 takes as input a n ðsamplesÞ3mðvariantsÞ VF profile matrix, in

which each entry includes the VF ˛ð0;1Þ of a given mutation in a certain sam-

ple, after filtering out (1) the clonal variants employed in step #1 and (2) the mi-

nor variants possibly involved in homoplasies (see below). The variant calling

pipeline employed in this work is detailed next.

The algorithmic framework

While it is sound to binarize clonal variant profiles to reconstruct a phylogenetic

tree, it is opportune to consider the VF profiles when analyzing intra-host var-

iants, for several reasons. First, VF profiles describe the intra-host genomic di-

versity of any given host, and this information would be lost during binarization.

Second, minor variant profiles might be noisy, due to the relatively low abun-

dance and to the technical limitations of sequencing experiments. Accord-

ingly, such datamay possibly include artifacts, which can be partially mitigated

during the quality-check phase and by including in the analysis only highly

confident variants. However, binarization with arbitrary thresholds might in-

crease the false-positive rate, compromising the accuracy of any downstream

analysis. Third, as specified above, the extent of transmission of minor variants

among individuals is still partially obscure. The VF of minor variants is, in fact,

highly affected by recombination processes, as well as by complex transmis-

sion phenomena, involving stochastic fluctuations, bottlenecks, and founder

effects, which may lead certain variants changing their VF, not being trans-

mitted, or even becoming clonal in the infected host.57 The latter issue also

suggests that the hypothesis of accumulation of minor variants during infec-

tions may not hold and should be relaxed.

For these reasons, VERSO step #2 defines a pairwise genomic distance,

computed on the VF profiles, to be used in downstream analyses. The intuition

is that samples displaying similar patterns of co-occurrence of minor variants

might have a similar quasispecies architecture, thus being at a small evolu-

tionary distance. Accordingly, this might indicate a direct or indirect infection

event. In particular, in this work we employed the Bray-Curtis dissimilarity,

which is defined as follows: given the ordered VF vectors of two samples

(i.e. vi = fVFi
1;.;VFi

r ; g and vj = fVFj
1; .; VFj

r ; g), the pairwise Bray-Curtis

dissimilarity d(i,j) is given by:

dðvi ; vjÞ =
Pr

l = 1

�
�VFi

l � VFj
l

�
�

Pr
l =1

�
�VFi

l +VFj
l

�
�
: (Equation 1)

Since this measure weights the pairwise VF dissimilarity on each variant with

respect to the sum of the VF of all variants detected in both samples, it can be

effectively used to compare the intra-host genomic diversity of samples, as

proposed, for instance, by Srinivas et al.115 However, VERSO allows one to

employ different distance metrics on VF profiles, such as correlation or

Euclidean distance.

As a design choice, in VERSO, the genomic distance is computed among all

samples associated to any given corrected clonal genotype, as inferred in step

#1. The rationale is that, in a statistical inference framework modeling a com-

plex interplay involving heterogeneous dynamical processes, it is crucial to

stratify samples into homogeneous groups, to reduce the impact of possible
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confounding effects.116 Furthermore, as specified above, due to the distinct

properties of clonal and minor variants during transmission, it is reasonable

to assume that the event in which certain minor variants and no clonal variants

are transmitted from a host to another during the infection is extremely unlikely.

Accordingly, the clonal variants employed for the reconstruction of the phylo-

genetic tree in step #1 are excluded from the computation of the intra-host

genomic distance among samples.

In order to produce useful knowledge from the genomic distance discussed

above and since, in real-world scenarios, this is a typically complex high-

dimensional problem, it is sound to employ state-of-the-art strategies for

dimensionality reduction and (sample) clustering, as typically done in single-

cell analyses.117 In this regard, the workflow employed in VERSO ensures

high scalability with large datasets, also making it possible to take advantage

of effective analysis and visualization features. In detail, the workflow includes

three steps: (1) the computation of k-NNG, which can be executed on the orig-

inal VF matrix, or after applying PCA, to possibly reduce the effect of noisy ob-

servations (when the number of samples and variants is sufficiently high); (2)

the clustering of samples via either Louvain or Leiden algorithms for commu-

nity detection;118 (3) the projection of samples on a low-dimensional space

via standard tSNE68 or UMAP67 plots.

Outputs

As output, VERSO step #2 delivers both the partitioning of samples in homoge-

neous clusters and the visualization in a low-dimensional space, also allowing

samples to be labeled according to other covariates, such as collection date or

geographical location. In the map in Figure 3, for instance, the intra-host

genomic diversity of each sample and the genomic distance among samples

are projected on the first two UMAP components, whereas samples that are

connected by k-NNG edges display similar patterns of co-occurrence of var-

iants. Accordingly, the map shows clusters of samples likely affected by infec-

tion events, in which (a fraction of) quasispecies might have been transmitted

from one host to another. This represents a major novelty introduced by

VERSO and also allows one to effectively visualize the space of VF profiles.

To facilitate the usage, VERSO step #2 is provided as a Python script which

employs the SCANPY suite of tools,59 which is typically used in single-cell an-

alyses and includes a number of highly effective analysis and visualization

features.

Additional feature: homoplasy detection on minor variants

Also in the case of minor variants, it is important to pinpoint possible homo-

plasies that might be due to mutational hotspots, phantom mutations, and

convergent variants. Given the phylogenetic model retrieved via step #1,

VERSO allows one to flag the variants that are detected in a number of clonal

genotypes exceeding a user-defined threshold. In our case, the threshold is

equal to 1, meaning that all minor variants found in more than one clonal geno-

type are flagged.

Such variants are then excluded from the computation of the intra-host

genomic distance, prior to the execution of step #2. Furthermore, the list

of flagged variants can be investigated as proposed for step #1 (see above),

in order to possibly identify mutations involved in positive selection

scenarios.

Datasets description

Dataset #1 (Illumina Amplicon sequencing)

We analyzed 3,960 samples fromdistinct individuals obtained from 22NCBI Bio-

Projects, which, at the time of writing, are all the publicly available datasets

including raw Illumina Amplicon sequencing data. In detail, we selected the

following NCBI BioProjects: (1) PRJNA613958, (2) PRJNA614546, (3)

PRJNA616147, (4) PRJNA622817, (5) PRJNA623683, (6) PRJNA625551, (7)

PRJNA627229, (8) PRJNA627662, (9) PRJNA629891, (10) PRJNA631042, (11)

PRJNA633948, (12) PRJNA634119, (13) PRJNA636446, (14) PRJNA636748,

(15)PRJNA639066, (16)PRJNA643575, (17)PRJNA645906, (18)PRJNA647448,

(19) PRJNA647529, (20) PRJNA650037, (21) PRJNA656534, and (22)

PRJNA656695.

Dataset #2 (Illumina RNA sequencing)

We analyzed 2,766 samples fromdistinct individuals obtained from 22NCBI Bio-

Projects, which, at the time of writing, are all the publicly available datasets

including raw Illumina RNA-sequencing data. In detail, we selected the following

NCBI BioProjects: (1) PRJNA601736, (2) PRJNA603194, (3) PRJNA605983, (4)

PRJNA607948, (5) PRJNA608651, (6) PRJNA610428, (7) PRJNA615319, (8)

PRJNA616446, (9) PRJNA623895, (10) PRJNA624792, (11) PRJNA626526,

(12)PRJNA631061, (13)PRJNA636446, (14)PRJNA637892, (15)PRJNA639591,

(16)PRJNA639864, (17)PRJNA650134, (18)PRJNA650245, (19)PRJNA655577,

(20) PRJNA657938, (21) PRJNA657985, and (22) PRJNA658211.

Contact tracing data

Contact tracing data were obtained from the study presented by Rockett

et al.69 In detail, for 65 samples included in dataset #1 (NCBI BioProject:

PRJNA633948), information on households, work institutions, and epidemio-

logical linkages are provided. Thus, it is possible to identify three different

contact groups based on institutions regularly frequented by patients and

one-household couples. Contact information was employed to assess the

relation between the intra-host genomic similarity and the contact dynamics.

The results are provided in the main text.

Parameter settings

Parameter settings of variant calling (datasets #1 and #2)

Weconverted all the samples to FASTQ files using the Sequence Read Archive

(SRA) toolkit. Following Bastola et al.,75 we used Trimmomatic (version 0.39) to

remove the nucleotides with low quality score from the RNA sequences with

the following settings: LEADING:20 TRAILING:20 SLIDINGWINDOW:4:20

MINLEN:40. We then used bwa mem (version 0.7.17) to map reads to SARS-

CoV-2-ANC reference genome (Data S1; see Results). We generated sorted

BAM files from bwa mem results using SAMtools (version 1.10) and removed

duplicates with Picard (version 2.22.2). Variant calling was performed gener-

ating mpileup files using SAMtools and then running VarScan (min-var-freq

parameter set to 0.01).119

We note that it was recently reported that some currently available SARS-

CoV-2 datasets exhibit quality issues.13,120 Accordingly, one should be

extremely careful when performing quality check and, especially, when

considering low-frequency variants, which might possibly result from

sequencing artifacts even in case of high-coverage experiments. In this re-

gard, many effective approaches can be employed to reduce false variants.

For instance, the Broad Institute recently updated an effective variant calling

pipeline for viral genome data,121 while new methods for error correction of

viral sequencing have been proposed at a widely used website (https://

virological.org), which also includes a number of useful up-to-date guidelines

and best practices for viral evolution analyses.

In our case, we here employed the following significance filters on variants.

In particular, we kept only the mutations (1) showing a VarScan significance p

value <0.01 (Fisher’s exact test on the read counts supporting reference and

variant alleles) and more than 25 reads of support in at least 75% of the sam-

ples, (2) displaying a VF >5%. As a result, we selected a list of 15,892 (over

55,280 overall SNVs) highly confident SNVs for dataset #1 and 7,389 (over

53,354) for dataset #2.

High-quality variants were then mapped on SARS-CoV-2 coding sequences

(CDSs) via a custom R script, also by highlighting synonymous/nonsynony-

mous states and amino acid substitutions for the related open reading frame

(ORF) product. In particular, we translated reference and mutated CDSs with

the seqinr R package to obtain the relative amino acid sequences, which we

compared to assess the effect of each nucleotide variation in terms of amino

acid substitution.

We finally note that availability of the cycle threshold (Ct) values generated

by qPCR and the related quantification of the amounts of viral transcripts

would be very useful to characterize samples with high viral load, yet this infor-

mation is not available for the considered datasets.

Quality check (datasets #1 and #2)

In order to select high-quality samples, we selected only those exhibiting high

coverage and in particular those with at least 25 reads in more than 90% of the

SARS-CoV-2-ANC genome. In addition, we filtered out all samples exhibiting

more than 100 minor variants (VF % 90%).

We finally excluded samples SRR11597146 and SRR11476447 from dataset

#1, as the first sample displays zero SNVs and the second one reports an un-

feasible collection date (i.e., 30th Jan. 2019).

After the quality-check filters, 2,906 samples of dataset #1 are left for down-

stream analyses, in which 10,571 distinct high-quality SNVs are observed, and

1,438 samples are left for dataset #2, with 6,143 high-quality SNVs.
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Parameter settings of VERSO (datasets #1 and #2)

The phylogenomic analysis via VERSO step #1 was performed on datasets #1

and #2 by considering only clonal variants (VF > 90%) detected in at least 3%

of the samples. A grid search comprising 16 different error rates was employed

(see Table S3). Samples with the same corrected clonal genotype were group-

ed in polytomies in the final phylogenetic models.

The analysis of the intra-host genomic diversity via VERSO step #2 was per-

formed by considering the VF profiles of all samples, by excluding (1) the clonal

variants employed in the phylogenomic reconstruction via VERSO step #1, (2)

the minor variants involved in homoplasies (i.e., observed in more than one

clonal genotype returned by VERSO step #1). Missing values (NA) were

imputed to 0 for downstream analysis. A number of principal components

equals to 10 was employed in PCA step, prior to the computation of the k-

NNG (k = 10) on the Bray-Curtis dissimilarity of VF profiles. Leiden algorithm

was applied with resolution = 1 (see Table S3 for the parameter settings of

VERSO employed in the case studies).

Parameter settings of simulations

In order to compare the performance of VERSO step #1 with competing

phylogenomic tools (i.e., IQ-TREE10 and BEAST 222), we performed extensive

simulations via msprime,70 which simulates a backwards-in-time coales-

cent model.

In particular, we simulated 20 distinct evolutionary processes, with the

following parameters: n = 1,000 total samples, effective population size Ne =

0.5 (i.e., haploid population), mutational rate M = 2 3 10�6 mutations per

site per generation, and a genome of length L = 29,903 bases. Such parame-

ters were chosen to roughly approximate the mutational rate currently esti-

mated for SARS-CoV-2 (i.e., M z 10�3 mutations per site per year and z

10�3generation
year

122) and to obtain a number of clonal mutations (in the range 15–

30) that is comparable with the one observed in the real-word scenarios (see

the case studies). As output, msprime returns a phylogenetic tree representing

the genealogy between the samples, the genotype of all samples (i.e., the

leaves of the tree), and the location of all mutations.

The genotypes of the samples were then inflated with different levels of

noise, with false-positive rate a and false-negative rate b (see the parameter

settings in Table S1), in order to assess the performance of the methods in

conditions of noisy observations and possible sequencing issues. Finally, we

subsampled all datasets to obtain two distinct samples sizes (500 and 1,000

samples), in order to test the robustness of methods in conditions of sampling

limitations.

The parameters of the phylogenetic methods employed in the comparative

assessment are reported in the Supplemental experimental procedures (Ta-

ble S2).

SUPPLEMENTAL INFORMATION

Supplemental Information can be found online at https://doi.org/10.1016/j.

patter.2021.100212.
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A., Caly, L., Sait, M., Ballard, S.A., Horan, K., Schultz, M.B., et al. (2020).

Tracking the COVID-19 pandemic in Australia using genomics. Nat.

Commun. 11, 4376, https://doi.org/10.1038/s41467-020-18314-x.

43. Popa, A., Genger, J.W., Nicholson, M.D., Penz, T., Schmid, D., Aberle,

S.W., Agerer, B., Lercher, A., Endler, L., Colaço, H., et al. (2020).

Genomic epidemiology of superspreading events in Austria reveals

mutational dynamics and transmission properties of SARS-CoV-2. Sci.

Transl. Med. 12, https://doi.org/10.1126/scitranslmed.abe2555.

44. Miralles, R., Gerrish, P.J., Moya, A., and Elena, S.F. (1999). Clonal inter-

ference and the evolution of RNA viruses. Science 285, 1745–1747,

https://doi.org/10.1126/science.285.5434.1745.

45. Xu, D., Zhang, Z., and Wang, F.S. (2004). SARS-associated coronavirus

quasispecies in individual patients. N. Engl. J. Med. 350, 1366–1367,

https://doi.org/10.1056/NEJMc032421.
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3.2 Computational methods to exploit mutational profiles 129

3.2.1.1 Improving the evolution inference with COB-tree

Background. Another tranche of research on phylogenomic inference from mutational
profiles regarded the in-depth analysis of the solution space.

In brief, the approximate estimate of the computational complexity of the statistical
frameworks proposed in LACE (paper P#5) and VERSO (paper P#6) is O(nm3 log(m))
to reach MCMC convergence, where n is the number of cells/samples (observations), and
m is the number of mutations (variables), as initially discussed in [97]. Thus, it is evident
that the complexity mainly depends on the number of mutations included in the model.
Clearly, as this number increases it may becomes unfeasible to reach convergence. In
addition, in many cases, the algorithm may return equivalent solutions, which share the
same likelihood value, but with different topologies.

For these reasons, we investigated the possibility of summarising the collection of
tree solutions explored during the MCMC inference, so to return a unique Consensus
Optimum Branching tree (COB tree), instead of the Maximum Likelihood one (ML tree).
More in detail, the goal is to design an algorithm that takes as input a collection of trees
sampled during the MCMC of an algorithm for phylogenetic inference and exploits the
regularities of the solution space to return a unique COB tree.

Note that similar approaches have already been employed in classical phylogenetic
studies. For example, BEAST 2 [77] uses the Maximum Clade Credibility method,
instead in [161] the authors proposed the Majority Rule. Such approaches could not be
directly employed in our analyses due to the intrinsic differences between phylogenetic
trees and clonal trees. In particular, the former are binary trees, and thus the number
of edges is fixed and depends on the number of samples. This is not valid in clonal trees
where any node could have an arbitrary number of outgoing edges.

We also point out that the opportunity of computing a consensus tree in cancer
phylogeny is debated. For example, authors in [169] argue that summary methods
returning only a single tree may not accurately represent the topological features of the
solution space. By assuming that the solution space is rugged and includes different
local minima related to clonal trees displaying distant topologies, the authors suggest to
cluster the tree solutions and, successively, apply a summary method for each cluster.
Such approach is not computationally feasible for our goal, because the clustering step is
limited to a small number of (small) trees, which is orders of magnitudes lower than the
trees sampled during an MCMC. We also note that, in their conclusion, the authors state
that a proper characterization of the solution space under an error model of single-cell
mutation profiles has not been presented yet.

For these many reasons, in this preliminary work, we first characterized the search
space of the clonal trees inferred via SCITE [113] from synthetic datasets generated from
a number of distinct topologies. Our synthetic experiments show that the trees sampled
during each inference describe a solution space with an apparent unique global minimum.
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Thus, in this case, applying a consensus approach that does not depend on a clustering
step seems a reasonable choice. Notice that the evaluation of the solution space should
also be performed considering real data, to prove the reliability of the simulated ones,
and so the effectiveness of the consensus approach proposed here.

COB-tree: a new algorithm for phylogenetic inference. On this basis, we con-
ceived a new algorithm for the inference of phylogenetic trees from binary mutational
profiles.

The general idea is to reconstruct a unique consensus tree, obtained by exploiting
the solutions explored during the MCMC of a generic algorithm for phylogenetic recon-
struction, such as LACE, VERSO or SCITE. In detail, given an edge-weighted digraph
in which any weight is the number of times that a given parental relation is returned
during the MCMC, we identify a unique consensus tree via optimum branching. The
outcome COB tree will include all nodes connected with a set of edges that maximises
the weight sum. To do this, in our case we employed the efficient implementation of
Tarjan [11] of the optimum branching tree method originally proposed by Chu and Liu,
and Edmonds [3, 5]. This method is analog to the minimum spanning tree problem,
but considering a directed graph. Note that our algorithm is: (i) deterministic; (ii)
computationally efficient, to handle the vast number of trees sampled during an MCMC;
(iii) independent of the order of the input tree list.

The algorithmic steps are detailed in the following:

• The COB-tree algorithm takes as input a binary data matrix D, with n rows repre-
senting samples (i.e., single cells or biological samples) and m columns representing
genomic mutations. Each entry of D is equal to 1 if the mutation is present in a
given sample, 0 if it is absent, NA if the information is missing (see paper P#5).

• In the first step, a generic algorithm for the reconstruction of clonal/mutational
trees (e.g., LACE, VERSO or SCITE) is applied to input data D, recording all
the solutions sampled during the MCMC. In the output tree T nodes represents
mutations (clones) and edges represent parental relations, as in paper P#5.

• For each tree T p sampled during the MCMC, we generate the corresponding adja-
cency matrix Mp with dimension m × m , where p ∈ [1, . . . r] and r is the number
of MCMC iterations.

• We compute a weighted adjacency matrix W with dimensions m × m, where each
entry is defined as: Wi,j =

∑r

p=1 Mp
i,j

r . So, Wij stores a weight that corresponds
to the frequency by which the mutation i is found as parent of mutation j in all
sampled trees. W represents a edge-weighted digraph.

• Finally, we apply the Tarjan algorithm to W in order to find the COB tree.
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Synthetic data generation. In order to test the COB-tree algorithm, we generate a
number of simulated datasets with following procedure. We first randomly generated a
number of ground-truth topologies Tgt. In particular, given a specific number of nodes
m (i.e., mutations or clones), 20 topologies are created. Starting from the root, we
attached a random number (between 2 to 5) of children nodes. We then selected one
of the children nodes and repeated the process until all the nodes were attached. Trees
including 50, 100 and 200 mutations were considered, thus, a total of 60 topologies are
finally generated. An example of a tree with 50 mutations is reported in figure 3.4.

We sampled 1000 single cell to generate the ground-truth single-cell genotypes matrix
Dgt (cells x mutations) from each topology Tgt. In particular, we populated each row
of Dgt (i.e., cell genotype) by randomly selecting a mutation/clone (i.e., node). Then,
the genotype of a cell (i.e., row of Dgt) is populated by assigning 1, if the mutation
is included in the shortest path from the selected node to the root, or 0, otherwise.
Notice that this path is unique because each node could have only one parent. Since it
is unrealistic to observe a high number of clones in a cancer sample, we increased the
probability of selecting any of the leaf nodes (i.e., most recent clones) with respect to
selecting one of the internal nodes. The former probability is five times higher than the
latter. As a result, Dgt is a binary matrix with 1000 rows and m columns (notice that
each clone can be defined by the last mutation accumulated, so the number of clones
equals the number of mutations).

In order to include noise in the simulated datasets, we defined low, middle, and high
noise levels by setting the value of False Positive rate (α), False Negative rate (β), and
Missing value rate (γ) rate as follows:

• Low noise level: α = 0.005, β = 0.05, and γ = 0

• Middle noise level: α = 0.01, β = 0.1, and γ = 0.1

• High noise level: α = 0.02, β = 0.2, and γ = 0.2

From each Dgt, 3 different noise datasets D are generated, by randomly selecting α of
the entries equal to 1, β of 0 entries and changing them into 0 and 1, respectively. Then
a fraction γ of all the entries are replaced with missing values.

Simulation settings. The procedure described above yields a total of 180 noisy
datasets. In this preliminary analyses, we employed SCITE [113] as inference framework,
since it is one of the state-of-the-art approaches for single-cell phylogenetic inference.

In particular, each inference is performed multiple times for each dataset, with dis-
tinct values of MCMC iterations. In detail, we performed 10 independent SCITE runs
(with 10 restarts), with the following MCMC iterations:
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• for models with m = 50 → [1000, 2000 (short), . . . , 6000 (average), . . . , 10000 (long)]
MCMC iterations,

• for models with m = 100 → [5000, 10000 (short), . . . , 30000 (average), . . . , 50000 (long)]
MCMC iterations,

• for models with m = 200 → [50000, 100000 (short), . . . , 300000 (average), . . . , 500000 (long)]
MCMC iterations.

COB tree reconstruction. Next, we proceeded with the consensus optimum branch-
ing tree reconstruction. To this end, we considered all the trees sampled during the
MCMC. Since SCITE discards the first 25% trees, we only considered the remaining
75% and kept only the trees with a likelihood between Lbest and Lbest × 1.3, so to focus
on the final part of the MCMC. The Tarjan algorithm was finally applied to retrieve the
unique COB tree. Notice that we also kept track of the ML tree (Lbest).

Metrics We tested our approach by comparing each COB tree and the corresponding
ML tree in terms of differences with the ground-truth topologies. To this aim, we
computed two different metrics (i.e., Parent-Child distance PC and Clonal Genotype
errors GC), which assess either the local or the global structure in terms of errors
between the obtained COB and ML trees, and the ground-truth topologies.

• Parent-Child distance (PC). This metric is widely used to compare different trees,
for example in [153, 169]. In brief, the parent-child distance between two trees
enumerates the edges unique in either trees. Small values of this metric reflect
a correct recovery of the relations between two consecutive nodes, but disregard
their position in the topology, so it is considered a local measure. We compute the
PCML, and PCCOB for evaluate the goodness of maximum likelihood and optimal
branching tree respectively.

• Clonal Genotype errors (CG). As explained above, each clone can be associated
with the node representing the last accumulated mutation. So, its genotype in-
cludes all the mutations in the path from such node to the root. Thus, clonal
genotypes depend on the overall topology. For each inference, we transformed the
ground-truth topology, the ML tree, and the COB tree into the corresponding
clonal genotype matrices. Then, we computed the Hamming distance, i.e., the
total number of errors, between the clonal genotype of the ground-truth and either
the ML tree (CGML) or the COB trees (CGCOB).

Finally, we define ∆PC = PCML − PCCOB distance and ∆CG = CGML − CGCOB.
Positive values indicate an improvement of our approach with respect to the ML tree.
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Results I): characterization of the search space. In order to plot the distribution
of the sampled trees during the MCMC, we applied the Principal Coordinate Analysis
[4, 6] on the distance matrix computed considering the parent-child distance. This
approach returns a 2-dimensional representation of the tree space, where the relative
distance among each point (i.e., sampled trees) is maintained. We added the value of
the likelihood L of each tree as a third dimension, by computing the − ln L. Notice
that, after the transformation, the best likelihood values are the lowest. In figure 3.2 we
reported the results of the Principal Coordinate Analysis applied on the trees sampled
from the inference of one dataset, generated from a tree topology including m = 100
mutations. We show the solution considering three different MCMC lengths i.e., 10000
(short), 30000 (average), and 50000 (long) steps.

As one can see, the 10 independent chains tend to reach the same global minimum
but, when the MCMC is short, the trees with better likelihood are far from each other.
We also marked the COB trees with red dots, and they appear to be placed in an
average position among the trees sampled late in the inference. Further tests in different
scenarios, as well as the application to real datasets, are currently ongoing.

Average MCMC Long MCMCShort MCMC

-
doohilekiL goL

Figure 3.2: A visual representation of the explored solution space during the inference
of a clonal tree from the same synthetic single-cell dataset (with 100 mutations and
1000 cells), in three independent MCMC runs with 10 restarts (via SCITE). From left
to right, the total number of MCMC increases (10000, 30000, and 50000 steps). The
solution space is defined by computing a Principal Coordinate Analysis on the distance
matrix (using parent-child distance) of the trees sampled during each inference. Z-axis
reports the corresponding likelihood value. Red dots indicate the position of the COB
trees.

Results II: performance assessment of COB-tree. We considered three MCMC
lengths to evaluate how this affects the performance the COB-tree method. Results are
reported in figure 3.3. It is possible to observe how our approach improves the local
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structure, by recovering a better ordering of the accumulation of mutations. Instead,
the improvement is not that evident when considering the CG metric underlying the
global structure. Even though the COB tree often improves this metric as well, it
sometimes returns trees with a global structure very far from the ground-truth. Note
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Figure 3.3: Differences between Maximum Likelihood and Consensus Optimum Branch-
ing trees are reported. Positive values of ∆ Clonal Genotypes errors or ∆ Parent-Child
distance indicate an improvement for the global structure or the local structure of our
COB trees over the ML ones. Colours indicate the level of noise (i.e., rate of FP events,
FN events, and missing values) included in the simulated datasets.

that it is possible to have trees with high PC distance values and low CG metric values.
A possible explanation is illustrated in the example depicted in figure 3.4. In the plot,
it is possible to observe how the COB tree retrieves a better ordering of mutation pairs.
Still, the few errors could drastically change the global topology of the tree by shifting
an entire subtree.

Conclusion. To conclude, the preliminary analyses illustrated here show that in case
one is interested in defining the ordering of mutational events, instead of characterizing
clonal genotypes, the COB-tree algorithm may be a reliable solution. Instead, different
approaches to compute the consensus tree should be conceived if one is more interested
in the global structures.
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Figure 3.4: The 3 clonal tree comparison highlights the difference between local and
global tree structures. The order of mutational events are improved in COB tree
(wrong edges marked with red dots, ∆PC = +16), while the global structure is worst
(∆CG = −48) due to a error propagation of few nodes being misplaced (most relevant
are highlighted with green circle). The numbers in the nodes indicate distinct mutations.
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3.2.2 Decomposition of mutational profiles of viral samples into muta-
tional signatures

Further efforts to exploit the mutational profiles of viral samples were devoted to the
characterization of the intra-host mutational landscape and to that of the related muta-
tional processes.

In humans, different mechanisms damage the genome, inducing point mutations.
Nucleotides (i.e., A, T, C, or G) are often substituted with a specific frequency that is
characteristic of the process. This phenomenon is reflected in the so-called mutational
signature, which in the case of cancer have been quite thoroughly characterized [204].
For example, tobacco smoking mainly induces C to A transversions.

In our case, for each viral sample we can obtain the total count of each substi-
tution type directly by analyzing deep sequencing data, as already shown in paper
P#6. Statistical approaches can be applied to deconvolve the signal into distinct mu-
tational signatures with host-specific intensities. This is typically done by applying a
Non-negative Matrix Factorization approach to the mutational spectra of the samples
of a given dataset, as proposed in a different context in [240].

Notice that, in our case, it is sound to execute the analysis on intra-host minor
mutations only (low variant frequency – VF), because such mutations are likely not
transmitted during infections, but may have emerged in the host. In such a way, we
can associate to each signature a mechanism causing mutations in the viral genome, and
which might be related to the interaction with the host.

Thanks to this approach in paper P#7, we unveiled three non-overlapping mutational
signatures related to specific nucleotide substitutions, likely induced by Reactive Oxygen
Species damage, but also by the action of two human enzymes, i.e., APOBEC and ADAR),
which are known to be active against a broad range of viral infections [253].

Moreover, we showed that is possible to cluster samples based on their signature
activities, with standard unsupervised machine learning methods. This exciting result
highlights the heterogeneous host responses to SARS-CoV-2 infections, a phenomenon
which should be investigated further. In fact, such groups should be correlated with
clinical covariates (e.g., age, gender, disease progression and severity, etc.) to better
understand the infection mechanisms and the immune system reactions. Unfortunately,
to our knowledge, no publicly available datasets include such information.

We also evaluated the different selection pressure by designing a new corrected-for-
signatures dN/dS analysis, which considers the non-uniform distribution of nucleotide
substitution exhibited by the distinct signature-based clusters of samples. All in all,
these analyses prove the relevance of distinguishing between transmitted mutations and
intra-host ones in the investigation of viral evolution and heterogeneity.

The paper discussing such analyses is presented below. Note that the formal defini-
tion of several algorithmic procedures, such as (i) signature decomposition, (ii) identi-
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fication of signature-based clusters, (iii) assessment of signatures significance, (iv) the
formal definition of the corrected-for-signatures dN/dS analysis, can be found on the
Supplementary Information of the article (online), as well in the related protocol in-
cluded in the Appendix P#A1.
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SUMMARY

To dissect themechanisms underlying the inflation of variants in the Severe Acute
Respiratory Syndrome CoronaVirus 2 (SARS-CoV-2) genome, we present a large-
scale analysis of intra-host genomic diversity, which reveals that most samples
exhibit heterogeneous genomic architectures, due to the interplay between
host-related mutational processes and transmission dynamics. The decomposi-
tion of minor variants profiles unveils three non-overlapping mutational signa-
tures related to nucleotide substitutions and likely ruled by APOlipoprotein B Ed-
iting Complex (APOBEC), Reactive Oxygen Species (ROS), and Adenosine
Deaminase Acting on RNA (ADAR), highlighting heterogeneous host responses
to SARS-CoV-2 infections. A corrected-for-signatures dN/dS analysis demon-
strates that such mutational processes are affected by purifying selection, with
important exceptions. In fact, several mutations appear to transit toward clonal-
ity, defining new clonal genotypes that increase the overall genomic diversity.
Furthermore, the phylogenomic analysis shows the presence of homoplasies
and supports the hypothesis of transmission of minor variants. This study paves
the way for the integrated analysis of intra-host genomic diversity and clinical
outcomes of SARS-CoV-2 infections.

INTRODUCTION

The COronaVIrus Disease 2019 (COVID-19) pandemic has currently affected 216 countries and territories

worldwide withz70million people being infected, while the number of casualties has reached the impres-

sive number of z1:6 million (World Health Organization (WHO) (2020), update 15th December 2020). The

origin and the main features of Severe Acute Respiratory Syndrome CoronaVirus 2 (SARS-CoV-2) evolution

have been investigated (Zhou et al., 2020b; Wu et al., 2020; Andersen et al., 2020; Xiao et al., 2020; Deng

et al., 2020), also due to the impressive amount of consensus viral sequences included in public databases,

such as Global Initiative on Sharing Avian Influenza Data (GISAID) (Shu andMcCauley, 2017). However, only

a few currently available data sets include raw sequencing data, which are necessary to quantify intra-host

genomic variability.

Due to the combination of high error and replication rates of viral polymerase, subpopulations of viruses

with distinct genotypes, also known as viral quasispecies (Domingo et al., 1985), usually coexist within sin-

gle hosts. Such heterogeneous mixtures are supposed to underlie most of the adaptive potential of RNA

viruses to internal and external selection phenomena, which are related, e.g., to the interaction with the

host’s immune system or to the response to antiviral agents. For instance, it was hypothesized that intra-

host heterogeneity may be correlated with prognosis and clinical outcome (Novella et al., 1995; Domingo

et al., 2012). Furthermore, even if the modes of transmission of intra-host variants in the population are still

elusive, one may hypothesize that, in certain circumstances, infections allow such variants to spread, some-

times inducing significant changes in their frequency (Lythgoe et al., 2020).

In particular, several studies on SARS-CoV-2 support the presence of intra-host genomic diversity in clinical

samples and primary isolates (Ramazzotti et al., 2021; Shen et al., 2020; Wölfel et al., 2020; Capobianchi

et al., 2020; Rose et al., 2020; Lu et al., 2020; Lythgoe et al., 2020; Seemann et al., 2020; Popa et al.,

2020), whereas similar results were obtained on Severe Acute Respiratory Syndrome CoronaVirus
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(SARS-CoV) (Xu et al., 2004), Middle East Respiratory Syndrome (MERS) (Park et al., 2016), Ebola virus (Ni

et al., 2016), and Hemagglutinin Type 1 and Neuraminidase Type 1 (H1N1) influenza (Poon et al., 2016).

We here present one of the the largest up-to-date studies on intra-host genomic diversity of SARS-CoV-

2, based on a large data set including 1133 high-quality samples for which raw sequencing data are

available (NCBI BioProject: PRJNA645906). The results were validated on 4 independent data sets

including a total of 953 samples (NCBI BioProject:PRJNA625551, PRJNA633948, PRJNA636748, and

PRJNA647529; see the Validation section).

Our analysis shows that z15% of the SARS-CoV-2 genome has already mutated in at least one sample,

including z1% of positions exhibiting multiple mutations. The large majority of samples shows a hetero-

geneous intra-host genomic composition, with 892 out of 1133 samples (z79%) exhibiting at least one low

frequency variant (Variant Frequency, VF >5% and %90%, named minor variants or iSNVs), 171 samples

more than 5, and 101 samples more than 10. Importantly, several variants are observed as clonal (VF >

90%) in certain samples and at a low frequency in others, demonstrating that transition to clonality might

be due not only to functional selection shifts but also to complex transmission dynamics involving bottle-

necks and founder effects (Domingo et al., 2012).

Strikingly, our analysis allowed us to identify three non-overlapping ‘‘mutational signatures’’, i.e., specific

distributions of nucleotide substitutions, in which are observed in distinct mixtures and with significantly

different intensity in three well-separated clusters of samples, suggesting the presence of host-related

mutational processes. Onemight hypothesize that such processes are related to the interaction of the virus

with the host’s immune system and might pave the way for a better understanding of the molecular mech-

anisms underlying different clinical outcomes.

In particular, the first signature is dominated by C>T:G>A substitution and it is likely related to APOlipo-

protein B Editing Complex (APOBEC) activity, the second signature is mostly characterized by G> T:C> A

substitution and it might be associated to Reactive Oxygen Species (ROS)-related processes, while a third

signature is predominantly associated to A>G:T>C substitution, which is usually imputed to Adenosine

Deaminase Acting on RNA (ADAR) activity.

A corrected-for-signatures version of the dN=dS analysis would suggest that, as expected, the three signa-

tures are affected by mild purifying selection in the population, yet with some exceptions that would sug-

gest the existence of positively selected genomic regions. Furthermore, a certain proportion of samples of

two signature-based clusters mostly associated to APOBEC and ROS appear to be hypermutated (up to

87 minor variants detected in a single host), whereas this effect is mitigated for the remaining cluster, domi-

nated by ADAR-related processes.

Finally, the analysis of the phylogenetic model, obtained from the profiles of clonal variants via the Viral

Evolution ReconStructiOn (VERSO) framework (Ramazzotti et al., 2021), allowed us to assess how many mi-

nor variants are either detected in single samples, in multiple samples of the same clade, or in multiple sam-

ples of independent clades (i.e., homoplasies). Strikingly, an approximately monotonic decrease of theme-

dian VF is observed with respect to the number of clades in which minor variants are observed: minor

variants detected in single clades exhibit the largest (median) VF, as opposed to variants shared in multiple

clades, which display a progressively lower VF.

On the one hand, this result supports the hypothesis of transmission of minor variants during infections and

of the concurrent existence of bottleneck effects (Gutierrez et al., 2012; Domingo et al., 2012). On the other

hand, the significant number of minor variants observed at a low frequency in multiple clades would sug-

gest the presence of mutational hotspots and of phantom mutations related to sequencing artifacts

(Bandelt et al., 2002).

RESULTS

Mutational landscape of SARS-CoV-2 from variant frequency profiles of 1133

samples – data set #1

We performed variant calling from Amplicon raw sequencing data of 1188 samples from the NCBI Bio-

Project: PRJNA645906 and by aligning sequences to reference genome SARS-CoV-2-ANC, which is a
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likely ancestral SARS-CoV-2 genome (Ramazzotti et al., 2021). The mutational profiles of 1133 high-quality

samples selected after quality check were analyzed in depth (see Methods and Figure S1).

In detail, 4677 distinct single-nucleotide variants (SNVs, identified by genome location and nucleotide sub-

stitution) were detected in the data set, for a total of 19663 non-zero entries of the VF matrix (see Methods

for further details; the VF profiles of all samples are included in Data S1; see Figure 1H for a graphical rep-

resentation of an example data set). In particular, in our analysis, we consider any SNV detected in any given

sample as ‘‘clonal’’, if its VF is >90% and as ‘‘minor’’ if its VF is >5% and %90%.

The distribution of the number of minor and clonal variants observed in each sample (Figure 1A) unveils an

approximately normal distribution of clonal variants (median = 13, mean = 13.2, and max = 24). Minor var-

iants are detected inz78:7% of the samples and show a long-tail distribution (median = 2, mean = 4.16 and

max = 87). One hundred nine samples (z9:6% of the data set) display a number of minor variantsR 10, up

to a maximum of 87.

Interestingly, we observe a statistically significant increase of genomic diversity on clonal variants with

respect to collection week (Mann-Kendall test for trend on median number of clonal variants p< 0:001, Fig-

ure 1B), due to the accumulation of clonal variants in the population, and which confirms recent findings (Li

A B C

D E F G H

Figure 1. Mutational landscape of 1133 SARS-CoV-2 samples – data set #1 (NCBI BioProject: PRJNA645906)

(A) Scatter plot displaying the number of clonal (VF >90%) and minor (VF >5% and%90% ) variants for 1133 samples of data set#1 (node size proportional to

the number of samples).

(B) Box plots returning the distribution of the number of clonal and (C) minor variants, obtained by grouping samples according to collection date (weeks,

2020; Mann-Kendall trend test p value also shown). n returns the number of samples in each group.

(D) Bar plot returning the proportion of sites of the SARS-CoV-2 genome that are either non-mutated, mutated with a unique SNV, or mutated with multiple

SNVs.

(E) Stacked bar plots returning the proportion of SNVs detected as always clonal, mixed, or always minor.

(F) The ratio of synonymous (S), non-synonymous (NS), and non-coding (NC) mutations, for each category.

(G) Violin plots returning the distribution of VF of all SNVs (n returns the number of samples, k the number of distinct SNVs,m the number of non-zero entries

of the VF matrix).

(H) Graphical representation of an example data set.
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et al., 2020; Shen et al., 2020; Ramazzotti et al., 2021), whereas, as expected, this phenomenon is less

evident for minor variants (Figure 1C). This aspect is further investigated in the following and hints at the

interplay involving the evolutionary dynamics within hosts and the transmission among hosts, which differ-

ently affects clonal and minor variants (Chan et al., 2013).

Evidence of transition to clonality

We further categorize each detected SNV as follows: ðiÞ ‘‘always clonal’’, if clonal in all samples in which it is

detected, ðiiÞ ‘‘always minor’’, if minor in all samples in which it is detected, ðiiiÞ ‘‘mixed’’, if observed as

clonal in at least one sample and as minor in at least another sample.

Forty thousand six hundred seventy seven SNVs were detected on 4476 distinct genome sites (z 14:9% of

the SARS-CoV-2 genome), of which 199 sites (z0:6% of the genome) display multiple nucleotide substitu-

tions (see Figure 1D). This suggests that the proportion of mutated genomic sites might be considerably

higher in the overall population, especially if considering minor variants. Overall, 25:8%, 7:8%, and 66:3%

SNVs are detected as always clonal, mixed, and always minor, respectively, and are mostly non-synony-

mous (see Figures 1E and 1F).

The analysis of the VF distribution (Figure 1G) unveils an impressive scarcity of variants showing VF in the

middle range, i.e., between 20% and 90%, for all categories. This phenomenon is likely due to transmission

bottlenecks, which tend to purify low-frequency variants in the population. Nonetheless, both mixed and

always minor variants display broad VF spectra, an aspect that is particularly relevant for the former cate-

gory. In this respect, 24:4% of all mixed variants (89 on 365) never display a VF%20%: one may hypothesize

that such variants are indeed ‘‘transiting to clonality’’ in the population because either positively selected,

as a result of the strong immunologic pressure within human hosts (Lucas et al., 2001), or because affected

by transmission phenomena involving founder effects, bottlenecks, and stochastic fluctuations (Gutierrez

et al., 2012; Domingo et al., 2012).

Conversely, one might hypothesize that most remaining mixed variants may result from random mutations

hitting positions of SNVs that are already present as clonal in the population.

Furthermore, the distribution of SNVs with respect to each region of the genome in Figure 2A demon-

strates that mutations are approximately uniformly distributed across the genome (also see Figure S2).

A

B

Figure 2. Characterization of SNVs detected on the SARS-CoV-2 genome

(A) Scatter plot returning the genome location and the VF of all SNVs detected in the data set, colored according to

category.

(B) Stacked bar plots returning the normalized substitution proportion of all SNVs detected in at least one sample of the

data set, with respect to all 12 possible nucleotide substitutions, grouped by variant type.
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Overall, this analysis provides one of the first large-scale quantifications of transition to clonality in SARS-

CoV-2 and might serve to intercept variants possibly involved in functional modifications, bottlenecks, or

founder effects.

De novo inference of SARS-CoV-2 mutational signatures

In order to investigate the existence of mutational processes related to the interaction between the host

and the SARS-CoV-2, we analyzed the distribution of nucleotide substitutions for all SNVs detected in

the data set. In Figure 2B, one can see the proportion of SNVs for each of the 12 nucleotide substitution

types (e.g., number of C>T’s) over the total number of nucleotides present in the reference genome for

each substitution type (e.g., number of C’s).

Certain substitutions present a significantly higher normalized abundance, confirming recent findings on

distinct cohorts (Simmonds, 2020; Di Giorgio et al., 2020; Popa et al., 2020). In particular, C> T substitutions

are observed inz28% of all C nucleotides in the SARS-CoV-2 genome, G>T’s inz15% of all G’s, T> C’s in

z7% of all T’s, and A>G’s in z5% of all A’s.

Although, traditionally, a 12-substitution pattern has been used in order to report mutations occurring in

single-stranded genomes, we reasoned that, owing to the intrinsically double-stranded nature of the viral

life cycle (i.e., a mutation occurring on a plus strand can be transferred on theminus strand by RdRP and vice

versa), it is sound to consider a total of 6 substitution classes (obtained by merging equivalent substitutions

in complementary strands) to investigate the possible presence of viral mutational signatures (Alexandrov

et al., 2013). Clonal variants were not considered in the next analyses to focus on SNVs likely related to host-

specific mutational processes and by excluding variants presumably transmitted during infection events.

In particular, in order to identify and characterize the mutational processes underlying the emergence of

SARS-CoV-2 variants with a statistically grounded approach, we applied a Non-negative Matrix Factoriza-

tion (NMF) approach (Brunet et al., 2004) and standard metrics to determine the optimal rank (see

Methods). In particular, we analyzed the mutational profiles of 150 samples exhibiting at least 6 always mi-

nor variants (on 1133 total samples) to ensure a sufficient sampling of the distributions.

Strikingly, 3 distinct and non-overlapping mutational signatures are found and explain 96:5% of the vari-

ance in the data (Figures 3A and S4; cophenetic correlation coefficient = 0:998, cosine similarity between

predictions and observations = 0:973, harmonic mean p value of the one-sided Mann-Whitney U test on

bootstrap re-sampling <0:01 for all signatures, see Methods). In particular, signature S#1 is predominantly

related to substitution C>T:G>A (81:2%), signature S#2 to substitution C>A:G>T (77:7%), while signature

S#3 is dominated by substitutions T>C:A>G (S#3) and T>A:A>T (23:6%).

Characterization of mutational signatures of SARS-CoV-2

Signature S#1 is related to C>T:G>A substitution, which was often associated to APOBEC i.e., a cytidine

deaminase involved in the inhibition of several viruses and retrotransposons (Sharma et al., 2015). An insur-

gence of APOBEC-relatedmutations was observed in other coronaviruses shortly after spillover (Woo et al.,

2007), and it was recently hypothesized that APOBEC-like editing processes might have a role in the

response of the host to SARS-CoV-2 (Simmonds, 2020).

As specified above, a mutational process occurring on single-stranded RNA with a given pattern, e.g., C>

T, could occur as a C>Tmutation on the plus reference strand but could similarly occur on theminus strand,

again as a C>T substitution. However, C>T events originally occurring in the minus strand would be re-

corded as G>A owing to the mapping of the mutational event as a reverse complement on the plus refer-

ence genome. Starting from these considerations and hypothesizing that the C>T:G>A substitution is

mediated by APOBEC, which operates on single-stranded RNA and is similarly active on both strands,

the analysis of the C>T/G>A ratio (or, more generally, of a plus/minus substitution ratio) should give an ac-

curate measurement of the molar ratio between the two viral strands inside the infected cells.

In our case, by comparing the proportion of substitutions of all minor variants detected in the data set, the ratio

C>T/G>A is 5.1

�
1602=5491

335=5863

�
.
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This result allows us to hypothesize that plus and minus viral strands of the SARS-CoV-2 genome are present in

infected cells with a molar ratio in strong favor of the plus strand and are consistent with the expected activity of

APOBEC on single-stranded RNA. Further experimental analyses will be required to confirm this hypothesis.

The second signature SC#2 is predominantly characterized by substitution C>A:G>T, whose origin is how-

ever still obscure. To gain insight into the mechanisms responsible for its onset, also in this case, we

analyzed the C>A and G>T substitution frequency, which revealed a strong disproportion in favor of the

latter: the ratio G>T/C>A is 9.5

�
804=5863

79=5491

�
. Overall, this result suggests that, in this case, the G> T sub-

stitution is the active mutational process.

In this respect,onemighthypothesize a role forROSas amutagenic agent underlying this signature, as observed,

for instance, in clonal cancer evolution (Alexandrov et al., 2020). ROSs are extremely reactive species formed by

the partial reduction of oxygen. A large number of ROS-mediated DNA modifications have already been iden-

tified; in particular, however, guanine is extremely vulnerable to ROS because of its low redox potential (David

et al., 2007). ROS activity on guanine causes its oxidation to 7,8-dihydro-8-oxo-20-deoxyguanine (oxoguanine).

Notably, ðiÞ oxoguanine can pair with adenine, ultimately causing G>T transversions, and ðiiÞ ROSs are able to

operate on single-stranded RNA; therefore, their mutational process closely resembles the C>A:G> T pattern

we see in signature SC#2. Thus, it is sound to hypothesize that the C>A:G>T substitution is generated by

ROS,whose production is triggered upon infection, in linewith several reports indicating that a strong ROSburst

is often triggered during the early phases of several viral infections (Molteni et al., 2014; Reshi et al., 2014).

A

B C

D

E

Figure 3. Mutational signatures of SARS-CoV-2

(A) The nucleotide class distribution in SARS-CoV-2-ANC reference genome (Ramazzotti et al., 2021) and for the 3 SARS-CoV-2 mutational signatures

retrieved via NMF on 6 substitution classes is shown.

(B) Heatmap returning the clustering of 150 samples withR6 always minor variants (z13%of the data set), computed via k-means on the low-rank latent NMF

matrix. The goodness of fit in terms of median cosine similarity between observations and predictions and the harmonic mean p value of the one-sided

Mann-Whitney U test on bootstrap re-sampling, are shown for all signatures, see Methods.

(C) Pie chart returning the proportion of samples in the three signature-based clusters, plus a fourth cluster SC#4 including all samples with R 1 and < 6

always minor variants and the group of samples with 0 always minor SNVs.

(D-E) Categorical normalized cumulative VF distribution of all SNVs detected in each signature-based cluster, with respect to (D) 6 substitution classes and to

(E) 96 trinucleotide contexts, as compared to the theoretical distribution in SARS-CoV-2-ANC reference genome (left).
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D

E

Figure 4. Characterization of signature-based clusters of SARS-CoV-2 samples

(A) Distribution of the number of clonal variants with respect to the 4 signature-based clusters described in the text.

(B) Distribution of the number of minor variants for the 4 signature-based clusters.
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Finally, signature SC#3 is primarily characterized by A>G:T>C substitution, which is typically imputed to

the ADAR deaminase mutational process (Nishikura, 2010). ADAR targets adenosine nucleotides, causing

deamination of the adenine to inosine, which is structurally similar to guanine, ultimately leading to an A>G

substitution. Unlike APOBEC, ADAR targets double-stranded RNA; hence, it is active only on plus/minus

RNA dimers. In line with this mechanism and in sharp contrast with APOBEC, A>G’s and the equivalent

T>C’s show a similar prevalence: the ratio A>G/T>C is 0.81

�
384=8954

508=9595

�
. This supports the notion that

the A>G:T>C mutational process is exquisitely selective for double-stranded RNA, where it can similarly

target adenines present on both strands.

Identification of signature-based clusters

We then clustered the 150 samples with at least 6 always minor mutations (on 1133 total samples) by

applying k-means on the normalized low-rank latent NMF matrix and employing standard heuristics to

determine the optimal number of clusters (see Methods). As a result, 3 signature-based clusters (SC#1,

SC#2, and SC#3) are retrieved, including 61, 49, and 40 samples, respectively (see Figure 3B).

Remarkably, clusters SC#1 and SC#3 are characterized by distinctive signatures, S#1 (dominated by sub-

stitution C>T:G>A) and SC#3 (T>C:A>G and T>A:A>T), respectively, whereas cluster SC#2 is character-

ized by a mixtures of all three signatures. In particular, the samples of the distinct clusters display dissimilar

categorical VF distributions (see Figure 3D), pointing at the existence of different host-related mutational

processes.

Wehere recall that samples with a number of alwaysminor variants between 1 and 5 (742 samples, 65:5%) cannot

be reliably associated to signature-based clusters, due to the low number of SNVs. For this reason, such samples

were considered separately in the analysis and were labeled as cluster SC#4 from now on (Figure 3C).

Importantly, by computing the categorical VF distribution of all minor SNVs with respect to all 96 trinucle-

otide contexts (i.e., by considering flanking bases), one can notice that clusters SC#1 and SC#2 display

profiles that resemble that of the theoretical substitution distribution of the reference genome, thus sug-

gesting that, in such cases, the host-related mutational processes are likely independent from flanking ba-

ses. Conversely, SC#3 displays a distribution of T substitutions with prevalent peaks in certain contexts

and, especially, in G[T>A]G, A[T>C]G, and C[T>G]T.

We finally note that, due to the possible transmission of minor variants among hosts during infections (see

above), signature-based clusters might include both samples with host-related mutational processes and

samples with minor variants inherited from infecting hosts.

Characterization of signature-based clusters

We analyzed in depth the intra-host genomic diversity of the samples of the 4 different signature-based

clusters. As a first noteworthy result, while the distributions of the number of clonal variants are significantly

alike across clusters (Kolmogorov-Smirnov, KS test p>0:20 for 6=6 pairwise comparisons; see Figure 4A and

Data S2), clusters SC#1 and SC#2 display a similar distribution of minor variants (KS test p = 0:86) but

significantly different distributions from the remaining clusters (KS p<0:05 for all remaining pairwise com-

parisons; see Figure 4B and Data S2). The relative proportion of substitution types for the samples of each

signature-based cluster can be found in Figure 4D.

In particular, clusters SC#1 and SC#2 are characterized by a significantly higher number of minor variants

(median 16 and 18, mean 22.3 and 22.6, max 87 and 70, for SC#1 and SC#2, respectively). Accordingly,

both clusters include a certain proportion of highly mutated samples (with R10 minor variants), 44 on 61

Figure 4. Continued

(C) Violin plots returning the VF distribution with respect to signature-based clusters (n returns the number of samples, k the number of distinct SNVs,m the

number of non-zero entries of the VF matrix).

(D) (Average) proportion of substitution classes of always minor variants for all the samples included in the 4 signature-based clusters, grouped and sorted by

the number of minor SNVs (e.g., at position 10 of the x axis one can find the average proportion of substitution classes for all samples with 10 minor SNVs).

(E) Corrected-for-signatures dN=dS ratio plot, as computed by normalizing the ratio on cluster substitution distribution, on a 300-base sliding window, with

respect to signature-based clusters (see Methods). The superimposed dotted line returns the mutational density in each window (rightmost y axis).
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and 41 on 49 for SC#1 and SC#2, respectively. This result supports the existence of highly active muta-

tional processes and is consistent with the hypothesis of processes related to APOBEC and ROS.

Conversely, cluster SC displays a much lower number of minor variants (median 11, mean 13.2, max 33;

23 samples on 40 with R10 variants). This finding hints at the existence of milder spontaneous mutational

processes related to ADAR.

Interestingly, the VF distribution for all SNVs highlights a remarkable similarity among signature clusters SC#1,

SC#2, and SC#3, with the large majority of variants found either at a high or a low frequency, whereas, by con-

struction,SC#4 isdominatedby clonal variants (Figure 4C).Moreover, onlyminor differences areobserved in the

distribution of substitutions with respect to SARS-CoV-2 Open Reading Frames (ORFs) (see Figure S3).

Overall, these results reinforce the hypothesis of distinct mutational processes active in different hosts.

When clinical data would be available in combination to sequencing data, this will allow us to assess the

correlation with clinical outcomes.

Evidence of purifying selection against signature-related mutagenic processes

To investigate the evolutionary dynamics of SARS-CoV-2, we implemented a corrected-for-signatures

version of the dN=dS ratio analysis, i.e., obtained by normalizing the NS/S rate with respect to the theoret-

ical distribution of substitutions detected in each cluster, as suggested in a different context in Van den

Eynden and Larsson (2017).

Interestingly, the corrected dN=dS ratio computed on the genome coding regions (i.e., = 29133 basis) is

equal to 0.84, 0.84, and 0.87 for the three signature-based clusters, respectively, and suggests the exis-

tence of purifying selection for all signature-related mutational processes.

We refined the analysis via a 300-base sliding window approach. On the one hand, the analysis of the muta-

tional density confirms that the large majority of variants is indeed observed in purified regions of the

genome. On the other hand, however, the variation of the corrected dN=dS ratio across the genome shows

that some regions exhibit a ratio significantly larger than 1. This phenomenon, which is particularly evident

in signature-based clusters SC#1 and SC#2, hints at possible positive selection processes affecting spe-

cific genomic regions and deserves further investigations.

Phylogenomic model of SARS-CoV-2 reveals transmission of minor variants and homoplasies

We employed VERSO (Ramazzotti et al., 2021) to reconstruct a robust phylogeny of samples from the bi-

narized VF profiles of the 28 clonal variants (VF >90%) detected in at least 3% of the data set. In Figure 5A,

one can see the output phylogenetic tree, which describes the existence of 23 clades and in which samples

with identical corrected clonal genotype are grouped in polytomies (see Figure 5B and the Methods sec-

tion for further details). The mapping between clonal genotype labels and the lineage dynamic nomencla-

ture proposed in Rambaut et al. (2020) and generated via pangolin 2.0 (O’Toole et al., 2020) is included in

Data S3, whereas the phylogenetic model returned via MrBayes (Ronquist et al., 2012) on data set #1 is

displayed in Figure S5 (see Methods).

Interestingly, SNV g.29095T>C (mapped on ORF N, synonymous) appears to be the earliest evolutionary

event from reference genome SARS-CoV-2-ANC (Ramazzotti et al., 2021). All downstream clades belong

to type B type (Forster et al., 2020; Tang et al., 2020), as determined by presence of mutations g.8782T>

C (ORF1ab, synonymous) and g.28144C>T (ORF1ab, p.84S>L). Importantly, we note that variant

g.23403A>G (S, p.614D>G), whose correlation with viral transmissibility was investigated in depth (Lokman

et al., 2020; Daniloski et al., 2020; Korber et al., 2020; Zhou et al., 2020a; Grubaugh et al., 2020; Plante et al.,

2020), is found in 18 clades, which include 1113 samples of the data set.

In addition, the model unveils the presence of a number of homoplasies, as a few clonal variants are

observed in independent clades and, especially, mutation g.11083G>T (ORF1ab, p.3606L> F), which was

investigated in a number of recent studies on SARS-CoV-2 evolution (van Dorp et al., 2020; Ramazzotti

et al., 2021), and is observed in 42 samples and 8 distinct clades. One might hypothesize that such SNVs

have spontaneously emerged in unrelated samples and were selected either due to some functional advan-

tage or alternatively to the combination of founder and stochastic effects involved in variant transmission

during infections, which might lead certain minor SNVs transiting to clonality in the population (see above).

ll
OPEN ACCESS

iScience 24, 102116, February 19, 2021 9

iScience
Article



As extensively discussed in Ramazzotti et al., 2021, while all the clonal variants of a host aremost likely trans-

mitted during an infection, the extent of transmission of minor variants is still baffling and is highly influ-

enced by bottlenecks, founder effects, and stochasticity (Gutierrez et al., 2012; Domingo et al., 2012).

Simultaneous infections of the same host from multiple individuals harboring distinct viral lineages (also

A B

C

D E

Phylogenomic

Figure 5. Phylogenomic model of 1133SARS-CoV-2 samples of via VERSO – data set #1 (NCBI BioProject:

PRJNA645906)

(A)The phylogenetic tree returned by VERSO (Ramazzotti et al., 2021) considering 28 clonal variants (VF > 0:90) detected in

at least 3% of the 1133 samples of the data set is displayed. Colors mark the 23 distinct clades identified by VERSO, which

are associated to corrected clonal genotypes. Genotype labels are consistent with (Ramazzotti et al., 2021), whereas in

Supplementary File S3, one can find the mapping with the lineage nomenclature proposed in Rambaut et al. (2020).

Samples with identical corrected clonal genotypes are grouped in polytomies (visualization via FigTree (Rambaut, 2009)).

The black colored sample represents the SARS-CoV-2-ANC reference genome.

(B) Heatmap returning the composition of the 23 corrected clonal genotypes returned by VERSO. Clonal SNVs are

annotated with mapping on ORFs, synonymous (S), nonsynonymous (NS) and non-coding (NC) states, and related amino

acid substitutions. Variants g.8782T>C (ORF1ab, synonymous) and g.28144C>T (ORF8, p.84S>L) are colored in blue,

variant g.23403 A>G (S, p.614 D>G) in red, homoplastic variant g.11083G>T (ORF1ab, p.3606L>F) in green.

(C) Heatmaps displaying the count of minor variants with respect to the number of clades and samples in which they are

found, grouped by signature-based cluster (e.g., at row 3 and column 5, the color represents the number of SNVs found in

3 clades and 5 samples).

(D) Violin plots returning the VF distribution of all minor variants, with respect to the number of clades in which they are

found (the first violin plot is associated to variants privately detected in single samples). n returns the number of samples, k

the number of distinct SNVs, m the number of non-zero entries of the VF matrix.

(E) Pie chart returning the proportion of minor variants privately detected in single samples, detected in multiple samples

of the same clade, and in multiple samples of independent clades.
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named superinfections) might in principle affect variant clonality, yet their occurrence is extremely rare

(Lythgoe et al., 2020).

For this reason, we quantified the number of minor variants (VF %90%)

1. privately detected in single samples and which are most likely spontaneously emerged via host-

related mutational processes;

2. found in multiple samples of the same clade, which might be either ðaÞ spontaneously emerged or

ðbÞ transferred from other hosts via infection chains; and

3. observed in multiple samples of independent clades (i.e., homoplasies) and which might be due to

ðaÞ positive selection of the variants due to some functional advantage, in a scenario of parallel/

convergent evolution, ðbÞ mutational hotspots, i.e., SVNs falling in mutation-prone sites or regions

of the viral genome, ðcÞ phantommutations due to sequencing artifacts (Bandelt et al., 2002), and ðdÞ
complex transmission dynamics involving founder effects and stochasticity, which may allow certain

minor variants to transit to clonality, eventually leading to a clonal genotype transmutation (see

above).

In our case, we observe that 87:4% of minor variants are observed as private of single samples, 2:4% in mul-

tiple samples of the same clade, and 10:2%are detected in samples belonging to distinct clades (Figure 5E).

Importantly, significantly different VF distributions are observed, and, especially, an approximately mono-

tonic decrease of the median VF is detected with respect to the number of clades in which minor variants

are found (Figure 5D). Important conclusions can be drawn from these results.

Apparently, the large majority of minor SVNs spontaneously emerges in single samples, likely due to signa-

ture-based mutational processes. Yet, the VF distribution of private minor SNVs suggests that, as ex-

pected, most of such variants are indeed purified in the population.

Accordingly, the hypothesis of transmission of minor variants during infections is supported by the signif-

icantly larger VF of (the fewer) minor variants found in multiple samples of the same clade, as this effect is

most likely due to transmission bottleneck effects (Gutierrez et al., 2012; Domingo et al., 2012).

In addition, the progressively smaller VF of minor variants observed in samples of independent clades and

which are likely more distant in the infection chain hints at the noteworthy presence of mutational hotspots

and of phantom mutations related to sequencing artifacts (Bandelt et al., 2002). In all scenarios, the pres-

ence of positively selected variant cannot be excluded but requires ad hoc investigations.

Interestingly, one can refine the analysis by focusing on distinct signature-based clusters, for instance, by

pinpointing variants likely related to mutational hotspots or phantom mutations: see, e.g., variant

g.8651A>C (ORF1ab, p.2796M>L) which is observed in 63 samples and 12 clades (Figure 5C).

Validation – data sets #2� 5

We employed 4 independent data sets (NCBI BioProjects: PRJNA625551, PRJNA633948, PRJNA636748,

and PRJNA647529; see Methods for details) to validate the presence of the discovered mutational signa-

tures. Specifically, we performed signature assignment with respect to the discovered signatures on 141,

23, 17, and 14 high-quality samples showing R6 always minor variants in each data set, respectively.

Three signature-based clusters are found for all data sets and explain more that 97% of the variance in all cases,

with highly significant p values (see Figure 6). Such clusters are related to combinations of signatures consistently

to the analysis presented in the text and display alike distributions of minor SVNs (see Figure S6).

These important results prove the generality of our findings and strongly support the hypothesis of distinct

mutational processes active in distinct groups of samples.

DISCUSSION

Standard (phylo)genomic analyses of viral consensus sequences might miss useful information to investi-

gate the elusivemechanisms of viral evolution within hosts and of transmission among hosts. In this respect,
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raw sequencing data of viral samples can be effectively employed to deliver a high-resolution picture of

intra-host heterogeneity, which might underlie different clinical outcomes and affect the efficacy of anti-

viral therapies. This aspect is vital especially during the critical phases of an outbreak, as experimental hy-

potheses are urgently needed to deliver effective prognostic, diagnostic, and therapeutic strategies for in-

fected patients.

We here presented one of the largest up-to-date quantitative analyses of intra-host genomic diversity of

SARS-CoV-2, which revealed that the large majority of samples present a complex genomic composition,

likely due to the interplay between host-related mutational processes and transmission dynamics.

In particular, we here proved the existence of mutually exclusive viral mutational signatures, i.e., nucleotide

substitution patterns, which show that different hosts respond to SARS-CoV-2 infections in different ways,

likely ruled by APOBEC, ROS, or ADAR-related processes.

The corrected-for-signatures dN=dS analysis shows that such numerous low-frequency variants tend to be

purified in the population whereas, conversely, a certain number of variants appear to consolidate. In

particular, due to the still obscure combination of bottleneck effects and selection phenomena, certain var-

iants appear to transit to clonality in the population, eventually leading to the definition of new clonal ge-

notypes. Once become clonal, mutations tend to accumulate in the population, as proven by a statistically

significant increase of genomic diversity, and might be used to reconstruct robust models of viral evolution

via standard phylogenetic approaches.

The analysis of homoplasies, i.e., minor variants shared across distinct clades and unlikely due to infection

events, demonstrates that a high number of mutations can independently emerge in multiple samples, due

to mutational hotspots often related to signatures or, possibly, to positive (functional) selection.

In addition, the relatively higher VF of minor variants shared by multiple samples of the same clades sup-

ports the hypothesis of transmission during infections.

To conclude, we advocate the release of a larger number of raw sequencing data sets, especially in com-

bination with clinical data, in order to investigate the relation among the discovered host-specific pro-

cesses and clinical outcomes.

LIMITATIONS OF THE STUDY

Reference genome

Different reference genomes have been employed for variant calling in the investigation of the origin and

evolution of SARS-CoV-2. For instance, sequence EPI_ISL_405839 was used, e.g., in Bastola et al. (2020)

and sequence EPI_ISL_402125, e.g., in Andersen et al. (2020). As detailed in the Methods section, here

we employed as reference the sequence SARS-CoV-2-ANC, which was identified in Ramazzotti et al., 2021

Figure 6. Validation on data sets #2� 5 (NCBI BioProject: PRJNA636748, PRJNA633948, PRJNA647529, and PRJNA625551)

Heatmap returning the clustering of 141, 23, 17, and 14 samples of data sets#2� 5 withR6 always minor variants (of the data set), computed via k-means on

the low-rank latent NMF matrix on the three signatures discovered on data setz13% (see Methods). The goodness of fit in terms of median cosine similarity

between observations and predictions and the harmonic mean p value of the one-sided Mann-Whitney U test on bootstrap re-sampling are shown for all

signatures (see Methods).
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as a likely ancestral SARS-CoV-2 genome. Clearly, the use of different, albeit mostly overlapping, reference

genomes can influence downstream analyses and, especially, the inference of the first evolutionary steps of

the phylogenomic model, which should be therefore considered with caution. However, in our specific

case, the employment of any of such reference genomes does not impact the identification and character-

ization of mutational signatures since the SNVs that distinguish such sequences are found as clonal in at

least one sample of the data set and, accordingly, are excluded from the analysis.

Quasispecies composition

As discussed in the Introduction section, the analysis of raw sequencing data might be used to characterize

the quasispecies architecture of single samples. To this end, a plethora of sophisticated computational

methods for the characterization of the quasispecies composition of single samples is available, e.g., (Pros-

peri and Salemi, 2012; Giallonardo et al., 2014; Töpfer et al., 2014; Barik et al., 2018), and was recently re-

viewed in Knyazev et al. (2020). In the phylogenomic analysis included in this work, we decided to restrict

the analysis on clonal variants that, by definition, are present in most of (or all) the quasispecies of a given

sample. This allows us to provide a coarse-grained picture of the main steps of SARS-CoV-2 evolution and,

at the same time, to investigate the possible transmission of minor variants, which are related to scarcely

prevalent and rare quasispecies. It would be worth investigating how the combination of more sophisti-

cated methods for quasispecies deconvolution and of our approach for mutational signatures analysis

may improve the overall comprehension of SARS-CoV-2 diversity, adaptability, and evolution.

Data set quality

It was recently noted that some currently available SARS-CoV-2 data sets might present quality issues,

especially with respect to low-frequency variants (De Maio et al., 2020). For this reason, the results of

any computational pipeline should be, in principle, validated on data sets for which the ground truth is

known. In our case and given the current shortage of SARS-CoV-2 benchmark data sets, we decided to vali-

date the discovery and characterization of the mutational signatures on 4 different data sets, generated

from independent laboratories worldwide, so to ensure the generality of the results obtained via our frame-

work (see the Validation section).

Indels

The evolution of SARS-CoV-2 is characterized by the presence of a significant number of insertions and de-

letions (Koyama et al., 2020), which are being cataloged via COV-Glue (Singer et al., 2020). In this work, we

focused on the analysis of SNVs, as this allows us to discover and characterize statistically significant host-

related mutational signatures. Despite being beyond of the scope of the current work, it might be worth

investigating the origination, evolution, and transmission of indels as well.
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et al. (1985). The quasispecies (extremely
heterogeneous) nature of viral RNA genome
populations: biological relevance-a review. Gene
40, 1–8.

Domingo, E., Sheldon, J., and Perales, C. (2012).
Viral quasispecies evolution. Microbiol. Mol. Biol.
Rev. 76, 159–216.

van Dorp, L., Acman, M., Richard, D., Shaw, L.P.,
Ford, C.E., Ormond, L., Owen, C.J., Pang, J., Tan,
C.C., Boshier, F.A., et al. (2020). Emergence of
genomic diversity and recurrent mutations in
SARS-CoV-2. Infect. Genet. Evol. 83, 104351.

Van den Eynden, J., and Larsson, E. (2017).
Mutational signatures are critical for proper
estimation of purifying selection pressures in
cancer somatic mutation data when using the dn/
ds metric. Front. Genet. 8, 74.

Forster, P., Forster, L., Renfrew, C., and Forster,
M. (2020). Phylogenetic network analysis of SARS-
CoV-2 genomes. Proc. Natl. Acad. Sci. U S A 117,
9241–9243.

Giallonardo, F.D., Töpfer, A., Rey, M.,
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McCrone, J.T., Ruis, C., du Plessis, L., and Pybus,
O.G. (2020). A dynamic nomenclature proposal
for SARS-CoV-2 lineages to assist genomic
epidemiology. Nat. Microbiol. 5, 1403–1407.

Reshi, M.L., Su, Y.C., and Hong, J.R. (2014). RNA
viruses: ROS-mediated cell death. Int. J. Cell Biol.
467452.

Ronquist, F., Teslenko, M., van der Mark, P.,
Ayres, D.L., Darling, A., Höhna, S., Larget, B., Liu,
L., Suchard, M.A., and Huelsenbeck, J.P. (2012).
MrBayes 3.2: efficient Bayesian phylogenetic
inference and model choice across a large model
space. Syst. Biol. 61, 539–542.

Rose, R., Nolan, D.J., Moot, S., Feehan, A., Cross,
S., Garcia-Diaz, J., and Lamers, S.L. (2020). Intra-
host site-specific polymorphisms of SARS-CoV-2
is consistent across multiple samples and
methodologies. medRxiv. https://doi.org/10.
1101/2020.04.24.20078691.

Seemann, T., Lane, C.R., Sherry, N.L., Duchene,
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4
Multiscale modelling and simulation of

multicellular systems

In this chapter, I discuss the attempts of characterizing the heterogeneity of multi-
cellular systems via multiscale modelling and simulation.

After a brief introduction on Cellular Potts Model and Flux Balance Analysis (section
4.1), the Flux Balance Cellular Automata (FBCA) approach is introduced, alongside
with its extension to model nutrients diffusion is also presented (section 4.2).

4.1 Background: Cellular Potts Model and Flux Balance Anal-
ysis

The general goal of this research was to conceive an expressive multiscale model for the
simulation of the interactions of cell in multicellular systems and, particularly, of the
cancer-microenvironment interplay. Such framework needs to be flexible, also allowing
for the possible integration with omics data. As a consequence, we designed a new hybrid
model where the metabolism of individual cells drives the cellular population dynamics,
by coupling the Cellular Potts Models with the simulation of metabolic models via Flux
Balance Analysis. More details are provided in the following sections.

Cellular Potts Model – CPM. The Cellular Potts Model (CPM, also known as the
Glazier-Graner-Hogeweg model) is a type of Cellular Automaton, which is widely used
to investigate tissue morphogenesis [124], tissue engeneering [203], and cancer disease
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[102, 183]. It is used to simulate growth, proliferation, movement and apoptosis of single
cell in complex environments [106].

Briefly, CPM represents biological cells as a set of contiguous lattice sites identified
with the same numerical identifier. The representation allows cells to have arbitrary di-
mensions and shapes. The evolution of the system is driven by a Hamiltonian functional
(H) which specifies the cells’ properties relevant to their evolution as the simulation pro-
gresses. H comprises many additive terms representing different biological properties or
phenomena based on the problem under investigation. Often, Hamiltonian functional
includes cell-cell adhesion properties or target size. The former represent the tendency of
cells to be near other cells of the same types, whereas the latter defines the area/volume
(in terms of the number of lattice sites) that each cell pursue to reach, modelling the
growth tendency.

Once the functional is defined, the system evolution proceeds stochastically based on
energy minimization using a dynamic Monte Carlo simulation algorithm. In particular,
a random pair (source and target) of adjacent lattice sites are randomly chosen in each
simulation step. In the move the state of the source is assigned to the target. For
example, if the pair of lattice sites are part of two different cells, then one increases its
size while the other is shrinked. The move is finally accepted or rejected based on the
change of the system’s energy.

Notice that lattice sites can also represent other biological components, e.g. extra-
cellular matrix. For instance, some works interfaced CPM with simulations of a range
of biological processes [49, 134].

Flux Balance Analysis – FBA. Flux Balance Analysis (FBA) is a widely used tech-
nique for studying networks of biochemical reactions. FBA compute the flux distribution
of metabolites through such networks, allowing, for example, the growth rate prediction
of an organism or the secretion rate of metabolites [44].

In FBA, biochemical reactions are mathematically represented via a numerical ma-
trix, including each reaction’s stoichiometric coefficients. The stoichiometric matrix
imposes constraints on the direction of the flux through the network. The flux of each
reaction is constrained in two ways: (i) an equation balances the reaction inputs and
outputs, and (ii) an inequality imposes its upper and lower bounds (i.e., maximum and
minimum flux rates). All the constraints define the space of feasible flux distributions
of a given metabolic network.

Importantly, FBA assumes that the system is at the steady-state: fluxes and concen-
trations are supposed to be constant in time, so the sum of all fluxes is always equal to 0.
Moreover, one also needs to define a set of boundary conditions, i.e., fluxes of metabo-
lites as input and output from the system, which correspond to the uptaken and secreted
metabolites from cells or tissue. A significant advantage of this assumption is that it
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is possible neglect the knowledge of many difficult-to-measure parameters required in
kinetics models.

The last requirement needed to perform FBA is the definition of a proper biological
objective function for the problem under investigation. Since proliferation is a hallmark
of cancer disease, the optimization of biomass production is often chosen as the system
objective function. The mathematical representations of the metabolic reactions, the
constraints and the objective function define a system of linear equations, which can be
efficiently solved by exploiting linear programming.

Note that FBA is extensively applied to model the metabolism of complex tissues or
diseases, e.g., [99]. Interestingly, the lower and upper bound of reaction fluxes can be
used as scaffold for the analysis of high throughput data to allow integration of expression
data as, e.g., in [132], as well as in some of our previous works [175] and in a new work
introduced and discussed in section 5.2.

4.2 Flux Balance Cellular Automata – FBCA

The method developed during the PhD project is named FBCA (Flux Balance Cellular
Automata), and is a multiscale modelling framework that combines a biophysically plau-
sible representation of cell morphology and interactions via Cellular Potts Model, and a
model of cellular metabolic activity, via Flux Balance Analysis. In this framework, the
population dynamics is driven by a cell growth function determined by the optimization
of an independent metabolic model assigned to each cell. This algorithmic choice allowed
us to achieve an optimal trade-off between expressivity and computational complexity.

The workflow can be briefly summarized as follows: (i) we first assign a metabolic
model to each synthetic cell; (ii) we apply FBA by considering (A) the sum of nutrient
concentrations in cell’s surrounding lattice sites as model boundary conditions, and (B)
biomass optimization as objective function; (iii) the biomass produced by each metabolic
model is linked to a Hamiltonian functional term, representing the tendency to grow.
This term considers the biomass accumulated and the actual size of a given cell to
determine its tendency to increase; (iv) when a cell reaches a target area, it divides into
two daughter cells simulating a mitosis process. Thus, cells that can produce a higher
biomass level have an increased growth tendency than the others.

Despite the abstractions underlying CPM and FBA, we proved that FBCA could
reproduce complex phenomena observed in real-world biological systems, such as cell
migration, tissue colonisation and homeostasis, allowing us to perform in-depth quanti-
tative analyses of crucial properties in a variety of in-silico experimental settings. In fact,
we could evaluate different properties emerging from the simulation. For instance, we
could define metabolic heterogeneous cell populations and observe how the space got col-
onized. We could also evaluate how the microenvironment determines the heterogeneous
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distribution of metabolic behaviours, e.g., in cells far or near nutrient sources.
Here, we report two articles which include the definition and application of FBCA

for the investigation of real-world phenomena, and related extensions.
In particular, in article paper P#8 we introduce the algorithmic framework and

investigate two in-silico experimental scenarios.

• Fermentative vs. oxidative behaviour.
We first populated the initial lattice with two distinct metabolic sub-populations:
one in which cells are allowed to intake lactate, but not to secrete it (oxidative
cells), and vice versa (fermentative cells). We did this by setting the constraints
of their metabolic models accordingly. We performed a large number of simula-
tions to observe how the competition for space drives the emergent behaviour, in
environments with either uniform and heterogeneous nutrient distributions.

• Subpopulations with distinct metabolic fitness.
In the second scenario, we define three metabolic subpopulations, whose biomass
production rate is a specific function of the oxygen level present in the microenvi-
ronment. For example, one population grows faster in low-oxygen regions, while
it is disadvantaged in the high-oxygen area. The idea was to simulate a complex
scenario with non-uniform nutrient distribution and biomass production. In addi-
tion, we simulated a perturbation by removing the most proliferative population
and observing how the surviving cells recolonize the space, mimicking the case in
which a therapy is effective with one population only, leaving the resistant ones
unharmed.

In paper P#9, the FBCA framework was extended to account for nutrients diffusion.
To this end, following the positive results obtained in [27], we proposed to compute the
diffusion of arbitrary nutrients by averaging their concentration in the neighborhood
of each lattice site. Importantly, we modelled metabolic interactions by allowing the
metabolite secreted by cells to diffuse over the lattice and by positioning discrete nutrient
sources along the lattice. We evaluated the differences of two nutrients diffusion models,
namely: (i) impermeable cells or (ii) permeable cells. In the former, lattice sites occupied
by cells cannot contain nutrients. In the latter, lattice sites can contain both cells and
nutrients. Notice that we considered a specific diffusion coefficient for each metabolite
(in the range (0, 1]), which reduces the concentration changes to mimic the different size
of the molecules (e.g., Oxygen with respect to Glucose).

In the article, we investigated various experimental settings to evaluate the impact
of the nutrients diffusion and of the shape of the microenvironment, especially with
respect to the emergence of metabolic behaviour. In detail, we analyzed the difference
between a closed environment, e.g., representing a simplified cell culture flask, and a
tissue-like environment, including a schematic representation of blood vessels. In both
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cases, our model was able to reproduce real-world phenomena, and we could evaluate
the competition between metabolic subpopulations.

Overall, our analyses demonstrated that the choice of the most appropriate exper-
imental setting depends on the aim of the research. For instance, the impermeable
cells scenarios allowed us to improve the characterization of nutrient consumption and
secretion dynamics, despite a substantial increase in computational time.

Let us finally point out that, in its original formulation, FBCA does not allow to
consider any omics measurement, e.g., from single-cell RNA-seq data. The preliminary
attempts of defining and applying a data-driver multiscale modelling framework are
discussed in the next chapter.
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Multiscale computational models are powerful instruments to investi-
gate the properties of biological systems, provide explanations about
their complex behaviours and predict their likely future evolution. We
here investigate the relation among the metabolic properties of cells and
the emerging population dynamics of multi-cellular systems, such as tis-
sues and organs, especially in abnormal circumstances, such as cancer
origination and development.

To this end, we introduce FBCA (Flux Balance Cellular Automata)
a multiscale modeling framework that combines a cellular automaton
representation of the spatial/morphological dynamics of multi-cellular
systems, i.e., the Cellular Potts Model, with a model of the metabolic
activity of individual cells, as modeled via Flux Balance Analysis. With
this framework, it is possible to investigate, both qualitatively and quan-
titatively, the dynamics and the spatial behavior of cell sub-populations
in a variety of experimental scenarios.

In particular, we here show the results of a simplified model of
intestinal crypt, which is the locus in which colorectal cancer is sup-
posed to originate. We show that competition and selection phenom-
ena are indeed largely driven by the metabolic properties of the cell
sub-populations populating the crypt, leading to often non predictable
dynamics. Finally, we present a scenario in which cancer recurrence is
explained by the presence of non-dominant drug-resistant subclones.

Keywords: Cellular potts model, metabolic networks, flux balance analysis, pop-
ulation dynamics, multi-cellular systems
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1 INTRODUCTION

The properties of multi-cellular systems, such as tissues and organs, can be
effectively investigated via computational models, which allow to test a huge
number of experimental scenarios and parameter settings in silico, and pro-
duce statistically robust quantitative results and predictions on complex bio-
logical phenomena [11, 30].

Many modeling approaches have been developed in the last years at
this aim, including compartment models, in which population dynamics
is analyzed via mean-field approximations [2, 3], and off- and in-lattice
models, which account for the spatial and mechanical properties of cells
[4, 14, 18, 21, 24, 27, 33].

Cellular automata (CA), in particular, are widely used to represent in a
very efficient way cell displacement, movement and interactions, and are
often employed in multiscale models, which describe processes and phenom-
ena occurring at different space/time scales [19, 31]. For instance, CA-based
multiscale models including gene regulatory networks dynamics were effec-
tively used to investigate the necessary conditions for homeostasis [14], or
the clonal expansion of cancer sub-populations [24].

However, there is an apparent shortage of effective modeling approaches
to investigate the influence of metabolism on cell population dynamics in
multi-cellular systems. Even though increasing experimental evidences sug-
gest that metabolic regulation and reprogramming play a central – and still
undeciphered – role in a broad number biological complex phenomena, such
as cancer development [15,32], most models of metabolism are currently lim-
ited to the simulation of steady state behaviours of individual cells (or of an
average cell), and of basic interactions via exchange of nutrients [20]. Cell
population dynamics is usually not modeled, nor are considered the biophysi-
cal properties of cells and their interactions in tissues or organs. For instance,
in [16] a steady state condition is assumed for the population composition,
while in [9] a single snapshot of the composition of a population in time is
depicted.

To fill this gap, in this work we propose a modeling framework specifically
aimed at investigating the relation among high-level spatial properties of a
generic multi-cellular systems and the metabolism of its constituting cells.

FBCA (Flux Balance Cellular Automata) is a multiscale modeling frame-
work originally introduced in [1], which includes two distinct and interacting
levels:

1. A spatial/morphological level, modeled via the Cellular Potts Model
(CPM) [13], in which biological cells are represented by sets of
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contiguous cells over a lattice, and the overall dynamics is probabilisti-
cally driven according to an energy minimization criterion, as provided
by an Hamiltonian function. In CPM framework cells can expand,
move, undergo mitosis, die and interact with each other. CPM has been
used in several works and proved to reproduce complex emergent prop-
erties of real multi-cellular systems (see, e.g., [26]).

2. A metabolic network level, in which the metabolic activity of each
individual cell is represented via Flux Balance Analysis, which is by
far the most used approach to simulate the dynamics of individual
metabolic networks [6]. FBA relies on Linear Programming to deter-
mine a metabolic flux distribution (i.e. the rate of turnover of molecules
through each reaction) that maximizes/minimizes a predefined objec-
tive function, given constraints on: i) the stoichiometry of reactions;
ii) the steady state assumption for internal metabolites; iii) constraints
on the domain of the metabolic fluxes, as derived from experimental
measurements or from reaction thermodynamics.

The growth rate at the spatial level (and consequently the cell replication
pace) is determined as a function of the biomass increase, computed for each
cell via FBA computation. Conversely, the emergent spatial dynamics at the
spatial level influences the distribution of nutrients among cells, which is
essential for cell survival and growth.

Our modeling approach is rooted in statistical physics and complex sys-
tems, as we aim at designing the simplest possible model (with fewer param-
eters) able to reproduce complex phenomena of multicellular systems, which
might be experimentally validated. Therefore, we keep the a priori assump-
tions at a minimum and we investigate the emergent dynamical properties of
the system, taking advantage of extensive simulations in different experimen-
tal settings, as proposed for instance in [10, 23], where the dynamical inter-
action of simplified models of gene regulatory networks was investigated by
employing a cellular automata-based representation of space.

To our knowledge, this is the first attempt to connect the dynamical behav-
ior of metabolic networks to biophysically realistic spatial and morphological
properties of real multi-cellular systems. Notice that in [29] the authors intro-
duced a multiscale model of colonic carbohydrate metabolism and bacterial
population dynamics, with a simplified geometrical representation of the gut,
which however does not take into account any biophysical property of the
cells and of the surrounding space and, thus, cannot account for morphologi-
cal and space competition dynamics.

In particular, we here focused on the representation of a generic intestinal
crypt, as this particular biological structure has been largely characterized
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and is supposed to be the locus in which colorectal cancers originate. Fur-
thermore, the geometrical structure of crypts, which are single-layer one-side
open cylinders, allows to employ simplified representation of space.

We investigated various distinct experimental scenarios, related to compe-
tition phenomena in environments with limited space and resources, and to
the possible emergence of positively selected (cancer) sub-populations, char-
acterized by specific and advantageous metabolic properties. We also present
a preliminary study in which cancer recurrence is determined by the expan-
sion of non-dominant drug-resistant subclones, following the wipe-out of the
dominant clone due to therapy.

We remark that, in [1] a preliminary version of FBCA was introduced,
in which a proof-of-principle of its usage and applicability was presented.
In this work, in addition to testing distinct biologically realistic experi-
mental scenarios, we included a more plausible representation of spatial
interaction among cells, based on the Differential Adhesion Hypothesis, a
neighbourhood-based limitation of biomass production, a more complex
metabolic nutrient diffusion scheme, based on the intake/secretion activity
of single cells, as well as a basic model of cancer therapy.

In Section 2 the FBCA computational framework is presented; in Section
3 the simulation settings are described; in Section 4 the results of the sim-
ulations in the distinct experimental scenarios are presented; finally Section
5 contains the discussion about the usefullness of the approach and possible
future developments.

2 METHODS

FBCA is a multiscale modeling framework that includes a spatial representa-
tion of a generic multi-cellular system, as modeled via CPM, and a model of
metabolism of its constituting cells, simulated via FBA.

Simulation of the metabolic activity of individual cells
The metabolic network of a generic cell σ is defined as a set M =
{m1, . . . , mN } of metabolites in the system and the set R = {r1, . . . , rM}
of chemical reactions taking place among them. Reactions are be defined as:

R j :
N∑

i=1

α j i Mi ←→
N∑

i=1

β j i Mi , (1)

where α j i , β j i ∈ N are stoichiometric coefficients associated, respectively,
with the i-th reactant and the i-th product of the j-th reaction, with i =
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1, . . . , N , j = 1, . . . , M . Let [Mi ] be the abundance of reactant Mi and v j

the flux of reaction R j , i.e., the net value between forward and backward
reaction rate.

Because a steady state is assumed for the abundance of each metabolite,
i.e., d[Mi ]/dt = 0 ∀i , Linear Programming is applied to identify the flux
distribution �v = (v1, . . . , vM ) that maximizes (or minimizes) the objective
Z = ∑M

j=1 w jv j , where w j is a coefficient that represents the contribution of
flux j in vector �v to the objective function Z .

In our simulations, we typically set the maximization of the rate of
biomass production as objective function. It is standard practice in FBA com-
putations [20] to approximate this rate with the flux of a pseudo-reaction,
representing the conversion of biomass precursors into biomass.

Given a N × M stoichiometric matrix S, whose element s ji takes value: i)
−α j i if metabolite Mi is a reactant of reaction R j , i i) +β j i if metabolite Mi

is a product of reaction R j , and i i i) 0 otherwise.
In order to determine the biomass Bσ produced (and then accumulated) by

cell σ in the unit of time (MCS), we solve the following Linear Programming
Problem.

maximize Bσ

subject to S�v = �0, �vL ≤ �v ≤ �vU

(2)

where �vL and �vU are two vectors specifying, respectively, the lower and upper
bounds of the admitted interval of each flux v j . A negative lower bound indi-
cates that flux is allowed in the backward reaction. The exchange of matter
with the environment is represented as a set of exchange reactions, in the form
Mi ←→ ∅, enabling a predefined set of species to be inserted in or removed
from the network.

Cellular automata representation of tissue morphology
FBCA employs a simplified geometrical representation of a general tissue,
based on the CPM [13], a cellular-automaton modeling framework often used
to model energy-driven spatial pattern formation [26] (Figure 1).

In this specific case we use a 2D representation of space, which is suit-
able to model single-layer tissues, yet the model could be easily extended to
the 3D scenario. More in detail, the space is a rigid 2D grid with square lat-
tice sites, opened and rolled out onto a rectangular h × w lattice L through
periodic boundary condition, to mimic the morphology of intestinal crypts
(i.e., approximately a lower-side opened cylinder constituted of single-layer
epithelial cells).

A biological cell, identified with σi , is delimited by connected domains:
the space occupied by cell σi is denoted as C(σi ) and consists of all lattice
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FIGURE 1
FBCA scheme. In FBCA, biological cells (σ1, σ2, σ3 and σ4) are represented as sets of contigu-
ous lattice sites over a lattice L with periodic boundary condition and opened at the lower side.
Each cell includes an individual metabolic network, which is used in FBA computation to deter-
mine the biomass gain at each time step, according to the nutrients distributed over the lattice,
which will be used to compute the Hamiltonian function in equation 5. An example MCS step
is shown: at time t1 a random lattice site in L is chosen, belonging to cell σ1; a flip attempt is
attempted with a randomly chosen lattice site in its Moore neighborhood and evaluated via the
Hamiltonian function. In this case the flip is accepted and the lattice site is transferred from cell
σ2 to cell σ1 at time t2.

sites l ∈ L with value σi :

C(σi ) = {l = σi |l ∈ L} (3)

For every disposition of cells, an Hamiltonian energy function H is evaluated,
to account for the energy required for each mutual interaction, as well as other
physical quantities. The dynamics of the system is driven by a discrete-time
stochastic process (time unit: Monte-Carlo Step - MCS), in which cells are
rearranged in order to minimize the Hamiltonian energy of the whole lattice.
To this end, lattice sites of a given cell are probabilistically chosen to be
flipped in favor of another cell in its neighborhood, and this allows cells to
move over the lattice.

The update procedure can be summarized as follows: a lattice site l is
selected with uniform probability in lattice L; another random lattice site l ′
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Symbol [SC 1] [SC 2] Description

− 1 lattice site = = 1μm 1 lattice site = = 1μm Conversion of space unit

− 1 MCS = 1/10 hour 1 MCS = 1/10 hour Conversion of time unit

h 155 lattice sites 150 lattice sites Height of the lattice

w 100 lattice sites 105 lattice sites Width of the lattice

k 4 4
Number of lattice spin attempts

per lattice site per MCS

N 1 1 Moore neighborhood size

λ 1 4 Area rigidity constraint

kB T 3 3 Temperature and Boltzmann constant

Amitosis 50 lattice sites 50 lattice sites Mitosis area for all cells

JNormalA−NormalA 4 4
Hamiltonian adhesion factor among

Cells of the same type

JNormalA−NormalB 4 8
Hamiltonian adhesion factor among

Cells of different type

JNormal−Empty 0.5 2
Hamiltonian adhesion factor among

Cells and empty space

F 0.02 0.02 Area/biomass conversion factor

[O2] 6 fmol / lattice site l [0.1, 2.25] fmol / lattice site l Oxygen abundance

[Glc] 0.5 fmol / lattice site l 0.4 fmol / lattice site l Glucose abundance

[Lact] 0.5 fmol / lattice site l relies on overall uptake and secretion Lactate abundance

[Gln] 20 fmol / cell 0.4 fmol / lattice site l Glutamine abundance

[Arg] 20 fmol / cell 20 fmol / cell Arginine abundance

TABLE 1
Parameter settings. Most parameters for the simulations presented in this work have been chosen
in accordance with existing literature and allow for a biophysically plausible representation of
intestinal crypts [14, 24, 33].

is chosen in its Moore neighborhood N (l); the lattice site l ′ is then assigned
to the cell including l with probability:

P(l ← l ′) = min{1, exp(
−�H
kbT

)} (4)

where �H is the Hamiltonian difference if the flip is accepted. A h × w × k
number of flips is attempted at each MCS (the parameters of the simulations
are provided in Table 1). In equation 4 the Boltzmann distribution is used to
drive cells to the configuration with minimum energy, whereas the factor kbT
accounts for the amplitude of the cell membrane fluctuations.

In our framework, the Hamiltonian function has two main components,
which subsume: i) the growth tendency of each cell, and i i) the Differential
Adhesion Hypothesis (DAH) [28].
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In order to account for the DAH, according to which cells of different
types tend to segregate and form distinct compartments, we include in our
model the possibility of having different cell types, plus a further abstract
type, i.e., the empty space, along the lines of [14, 33]. The intuition is that
cells will first tend to fill the empty space, if available in their surroundings,
and then stay close to cells of the same type.

Cell growth is defined as a function of the biomass Bσi produced and accu-
mulated by each cell, and computed via Flux Balance Analysis at each MCS
(see below). In particular, at each MCS, cell σi will tend to grow toward an
objective area Atarget (Bσi ). To link the biomass growth, which is measured in
pico grams (pg), to the target area, which is measured in lattice sites (1 lattice
site is equal to 1μm), a conversion factor is needed and defined (see Table 1).
This defines the multiscale link between the spatial and the metabolic levels.

The Hamiltonian function is then defined as:

H(L) = 1

2

∑
σi ,σ j ∈N

J (τ (σi ), τ (σ j ))(1 − δ(σi , σ j )) + λ
∑

i

[|C(σi )| − Atarget (Bσi )]
2

(5)
where i and j are lattice sites ∈ L , σi is the cell at site i , δ is the Kronecker
delta, τ (σi ) is the cell type of cell σi , J (τ (σi ), τ (σ j )) is the amount of energy
required to stick tied cells σi and σ j according to the DAH (which in our case
will first favor the migration toward empty space and then toward cells of the
same type – see Table 1), |C(σi )| is the current area of cell σi in lattice sites,
and λ > 0 is a Lagrange multiplier that accounts for the capacity to deform a
cell membrane.

Cells grow via the accumulation of biomass, as for equation 5, up to an
objective area Amitosis , which is initially set as double than the area of cells
in the initial lattice configuration; when |C(σi )| = Amitosis , cell σi is divided
in two daughter cells, by splitting its space along a randomly chosen direc-
tion (either horizontal or vertical), thus modeling symmetric cell division.
Daughter cells will initially have area (approximately) equal to Amitosis

2 and
will inherit the metabolic network of the parent cell.

As we are modeling intestinal crypts, we recall that the lower boundary of
the lattice is open: the expulsion of cells in the intestinal lumen is modeled by
deleting the cells that reach the lower boundary from the lattice. Therefore,
cell migration toward the open boundary is expected, due to cell growth and
duplication dynamics.

Implementation. This version of FBCA has been implemented in MAT-
LAB, so to exploit both the COBRA Toolbox [25] for FBA computation
and matrix calculus for CPM computations. The computation time for a sin-
gle MSC in a standard simulation setting is ∼ 3 secs (ASUS NOTEBOOK;
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CPU:Intel Core i7-4710HQ CPU @ 2.50GHz, 4 core; RAM: 16.0 GB; WIN-
DOWS 10 pro 64-bit).

3 SIMULATION SETTINGS

The parameter settings used in the simulations are reported in Table 1.
In all simulations, we employed as metabolic network model associated

to each cell the model of central carbon metabolism HMRCORE introduced
in [12] and used in [9], composed of 240 metabolites and 272 reactions. We
also assume a constant supply of nutrients across the lattice: at each MCS,
each cell is supplied with an amount of nutrients (i.e., upper bound of intake
flux) that is proportional to the area of the cell. |C(σi )| is the number of lattice
sites occupied by cell σi ; let [Ml

j ] be the abundance assumed for metabolite j
in site l ∈ C(σi ); the upper bound Uσi

j of the exchange reaction of metabolite

j for cell σi is set as: U σi
j = ∑|C(σi )|

l=1 [Ml
j ].

In an earlier work [1], we tested the FBCA framework in a control sce-
nario, in which we populated the crypt with two sub-populations, standing
for simplified cancer cells (maximizing biomass) and normal cells (maximiz-
ing ATP). We here present the results of extensive simulations in two distinct
and biologically plausible experimental scenarios.

Scenario 1 [SC 1] - Fermentative vs. oxydative behaviour
Lactate is supposed to play a pivotal role in cancer metabolism. In fact, it is
secreted by cells under the Warburg effect, it is often found in tumor microen-
virorment, and it is usually exchanged in the interplay involving stroma and
cancer cells [8]. For this reason, in this analysis we populated the crypt with
two different metabolic sub-populations, one in which cells are allowed to
intake lactate, but not to secrete it (oxydative cells) and the other viceversa
(fermentative cells). We refer to these two populations respectively as “type
1” and “type 2”. We simulated the population dynamics in two distinct envi-
ronmental settings:

[A] uniform distribution of nutrients across the lattice (see Figure 2);

[B] non-uniform distribution of nutrients, as obtained by including two
areas of 3875 lattice sites, positioned at the left/right sides of the
lattice, are characterized by limited oxygen abundance ([O2] = 0.5
fmol / lattice site), thus mimicking an hypoxic area (see Figure 3).

In all initial configurations (i.e., MCS = 0) cells are drawn as squares of
5 × 5 lattice sites, and fill the whole lattice. Example of initial configurations
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FIGURE 2
[SC 1 - A]. (A-D) Snapshots of FBCA dynamics respectively at 1, 660, 1320 and 2000 MCSs of
an example simulation; shapes with red tonalities indicate type 1 cells, shapes with blue tonalities
indicate type 2 cells; identical color refers to the same clonal population. (E) Total number of
cells of each type as a function of time; one curve for each of the 20 simulations. (F) Average
cell volume for each cell type as a function of time; one curve for each of the 20 simulations.
(G) Box-plot of the distribution of clonal populations size for MCS ∈ [0, 10, 20, ..., 2000] with
respect to the example simulation in panels A-D. (H) Distribution of cell duplication time in
the example simulation displayed in panels A-D; red histograms correspond to type 1, blue
histograms correspond to type 2. Transparency is used to make both series visible: when bars
overlap a darker color is displayed. (I) Average cell biomass for each cell type as a function of
time; one curve for each of the 20 simulations.

of the lattice are shown in Figure 2[A]. It is clear that the square shape is
a strong simplification, yet the energy minimization criterion that underlies
the CPM simulation ensures that cells reach a rounded and more physically
sound shape in a few MCSs (despite some possible and expected defects in
cell boundaries).

For each scenario, we executed 20 distinct simulations with random initial
configurations. At the initial condition (MCS = 0), 620 cells with an individ-
ual area of 25 lattice sites (5 × 5) and a biomass of 1250 pg are disposed on
the lattice. Half of the cells are assigned to type 1 and the other half to type
2, and are alternatively disposed on the lattice (i.e., both the left and the right
neighbours of a cell are of a distinct type).

Notice that in this scenario we do not consider the cell sub-populations as
different with respect to DAH, meaning that cells will tend to fill the empty
surrounding space, if available, but will show no preference in staying close
to cell of the same type or different (see Table 1 – [SC 1]).
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FIGURE 3
[SC 1 - B]. (A-D) Snapshots of FBCA dynamics respectively at 1, 660, 1320 and 2000 MCSs of
an example simulation; shapes with red tonalities indicate type 1 cells, shapes with blue tonali-
ties indicate type 2 cells; identical color refers to the same clonal population. The yellow dashed
boxes at the left/right sides of the lattice indicates the hypoxic areas. (E) Total number of cells of
each type as a function of time; one curve for each of the 20 simulations. (F) Average cell volume
for each cell type as a function of time; one curve for each of the 20 simulations. (G) Box-plot
of the distribution of clonal populations size for MCS ∈ [0, 10, 20, ..., 2000] with respect to the
example simulation in panels A-D. (H) Distribution of cell duplication time in the example simu-
lation displayed in panels A-D; red histograms correspond to type 1, blue histograms correspond
to type 2. Transparency is used to make both series visible: when bars overlap a darker color is
displayed. (I) Average cell biomass for each cell type as a function of time; one curve for each
of the 20 simulations.

Scenario 2 [SC 2] - Supbpopulations with distinct metabolic fitness
During cancer development, different cell sub-populations compete for lim-
ited resources, such as space and nutrients, and are positively selected in rela-
tion to their overall fitness, measurable in terms of survival and reproduction
rate. In this scenario, we aim at investigating the competition dynamics that
emerges among cell sub-populations with markedly different metabolic prop-
erties, in an environment in which space is limited and nutrients are heteroge-
neously distributed.

To this end, we first selected three reactions involved in distinct key
metabolic pathways, i.e., (1) pyruvate fermentation to lactate, (2) proline
biosynthesis and (3) cholesterol biosynthesis.

We then defined three distinct metabolic models: in each model we set a
limiting flux constraint for one of such reactions, leaving the other unchanged.
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In particular, in the metabolic model of cell type 1 – respectively 2 and 3 – we
reduced the maximum flux of reactions (1) by 70% – respectively of reaction
(2) by 100%, and of reaction (3) by 70%.

In Figure 4[A] one can see the ratio between biomass produced in each
model and that generated without flux limitations, with respect to different
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FIGURE 4
[SC 2 - A]. (A) Ratio among the biomass produced by the distinct metabolic models of scenario
[SC 2] and that generated with metabolic models without limitations, with respect to different
combination of oxygen and cell size. (B) Variation of the average population size of the three
metabolic sub-populations described in Section 3, as computed over 20 distinct simulations. (C)
Box-plot of the distribution of the biomass with respect to the three metabolic sub-populations,
computed at different time points: MCS = 500, 1000, 2000. (D) Distribution of the duplication
times recorded for all cells across the whole simulation, in all simulation runs. (E-H) Snapshots
of FBCA dynamics respectively at 1, 500, 1000 and 2000 MCSs of an example simulation.
Shapes with red, blue and green tonalities indicate type 1, type 2 and type 3 cell types, respec-
tively; identical color refers to the same clonal population.
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values of oxygen and cell size. In detail, the biomass production of type
1 cell will be limited in hypoxic zones, where the production of lactate is
advantageous. Instead, the activity of type 2 cells will be reduced in zones
with high oxygen level, as the limited pathway is involved in the biosynthe-
sis of metabolites that are used in biomass production (i.e., proline). Finally,
type 3 cells have similar properties to type 2 cells, as the ratio of biomass
production decreases when oxygen concentration increases. However, unlike
type 2 cells, the biomass production of type 3 cells also decreases in accor-
dance to the cell size, i.e., the metabolic activity of small cells is enhanced
with respect to larger ones.

In this scenario, cells are assigned with a random initial area in the interval
[25, 50] (lattice sites), and a corresponding value of biomass such that ρ = 1

F .
Moreover, we fill only half of the lattice, leaving empty space among the cells
in horizontal stripes, as one can see in Figure 4[E], in order to reduce the
competition pressure for space. Thus, at the initial condition (MCS = 0), the
lattice will include around 250 cells of different dimensions.

Moreover, we considered the distinct cell sub-populations as different with
respect to the DAH, i.e., cells will first tend to fill the surrounding empty
space, if available, and, otherwise, will tend to stay closer to cells of the same
type (see Table 1 – [SC 2])

Notice also that in scenario [SC 1], biomass could accumulate in each
cell independently from the actual cell’s density (γ = 1). This assumption
may lead to an unrestrained increase in cell density ρ(σi ). Therefore, follow-
ing [17] we introduced a rudimentary sensing mechanism for cell population
density, as follows. The biomass accumulated at each time step B(σi )MCS is
reduced by the following factor:

γ =
⎧⎨
⎩

1, if ρ(σi ) ≤ 1

F
1 − min(1, 2(F · ρ(σi ) − 1))2, otherwise

In this way, biomass cannot accumulate ( B(σi )MCS = B(σi )MCS−1) if the
cell density ρ(σi ) exceeds its initial value by 1.5 times.

We simulated the dynamics of the system in two distinct conditions.

[A] In this first scenario, glucose and glutamine are uniformly distributed
across the lattice (see Table 1 – [SC 2]); also lactate is uniformly dis-
tributed across the lattice, but its total amount is influenced by the
consumption/secretion of each cell, and the concentration at the ini-
tial condition is set equal to 0 fmol/lattice site. Instead, oxygen is dis-
tributed with four different concentration levels that are progressively
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increased from the borders toward the center of the lattice, as shown
in Figure 4 [E-H]

[B] The distribution of nutrients is identical to case [SC 2 - A]. How-
ever, in this setting we simulated a basic therapy that is able to
quickly wipe-out all the cells of the dominant clone, in order to ana-
lyze the possible recurrence of cancer. More in detail, at time point
MCS = 2000 we set the death rate for cells of the most abundant
cell type equal to 0.5 (i.e., at each MCS, any given cell of that type
has a probability of 0.5 of dying). In a few MCSs the corresponding
cell sub-populations is expectedly wiped-out from the lattice, leaving
space and nutrients for the other ones.

4 RESULTS

[SC 1 - A] Proliferative cells with fermentative metabolism colonize
the space.
With respect to the scenario [SC 1 - A], we simulated the dynamics of the
system for 2000 MCS (= 200 hours). In Figure 2[A-D], screenshots of the
lattice of an example simulation are displayed in four distinct moments, i.e.,
MCS = 1, 660, 1320 and at the end of the simulation (MCS = 2000). Both
type 1 (red tonalities) and type 2 (blue tonalities) cells are highly proliferative,
but at slightly different rates: type 1 produces 11% more biomass than type 2.
Notice that all daughter cells maintain the same color of the parent, so each
clone is characterized by a unique and identifiable color.

A visible result is that CPM simulation ensures that cells reach a cell-like
shape in a few MCSs. It is also apparent that, after a certain transient, a few
clones tend to colonize space in vertical stripes, and such pattern remarkably
reproduces the complex phenomenon of vertical cell migration in real-world
intestinal crypts [14].

Surprisingly, although in this scenario nutrients are homogeneously dis-
tributed, and in spite of the minor advantage of type 1 in terms of biomass
growth rate, type 2 cells tend to colonize all space after a period of time, in
all simulation runs. It can indeed observed in Figure 2[E] that the number of
cells of type 1 constantly decrease, in all 20 runs, approaching values close
to zero after around 1500 MCSs. This phenomenon, which may depend on
the properties of the tissue and on the competition for limited space, deserves
further investigations.

As opposed to standard FBA analysis, our model allows to compute
the duplication time, i.e., the number of MCSs passed before mitosis for
any given cell. The histogram in Figure 2[H] shows the distribution of the
duplication times recorded for any cells in the lattice over 2000 MCSs, for
the example simulation run displayed in panels A-D. One can see that the
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distribution of type 2 cells is slightly shifted to the right, meaning that, on
average, such cells tend to duplicate at a slower pace.

With FBCA it is also possible to analyze the variation of the clonal pop-
ulation size distribution (i.e., the number of cells generated from a unique
ancestor cell) in time. For instance, in Figure 2[G] one can see that larger
clones are expectedly emerging during the example simulation displayed in
panel A-D, yet reaching a median value around 60 at the end of the simu-
lation: starting from the initial condition, in which 620 clones of size 1 are
present on the lattice, at the end of the simulation (MCS = 2000) around 10
distinct clones (on average) are left.

[SC 1 - B] Competition for space in heterogeneous nutrients
environments.
In this scenario, the population dynamics becomes more complex, as an het-
erogeneous distribution of nutrients is mimicked by introducing the hypoxic
areas depicted in Figure 3[A].

In Figure 3[A-D], one can see that type 1 cells (red) tend to migrate
towards and occupy the highly-oxygenated area, whereas type 2 cells (blue),
which are allowed to have a fermentative metabolism succeed to proliferate
in hypoxic areas.

Remarkably, two distinct dynamical behaviours emerge in different simu-
lation runs: i) colonization by one cell type, i i) coexistence of both cell types
(i.e., homeostasis). In the former case, one cell type ends up in colonizing the
lattice; as one can see from Figure 3[E], in most cases type 1 cells dominate,
but in a relevant number of cases type 2 tend to colonize the space. Complete
extinction of a cell type was never observed, but this is most likely due to
the limited simulation time. More interestingly, in a certain number of cases,
the two cell populations reach a dynamical equilibrium (i.e., homeostasis),
in which they both coexist in a stable proportion during the simulation time,
despite distinct metabolic properties, different growth rates and the heteroge-
neous distribution of nutrients.

Notice also that the distribution of the observed duplication time displays
a long right tail, likely due to the non-homogeneity of nutrients, i.e., cells in
hypoxic areas tend to grow at a slower pace.

Finally, it is interesting to notice from Figure 3[G] that in the simulation
displayed in panels A-D certain clones tend to cyclically dominate the lattice
(outliers in the box-plots), until a huge clone consisting of around 430 cells
emerges at the end of the simulation.

[SC 2 - A] Metabolic fitness determines crypt colonization.
The goal of this analysis is to determine whether limitations in the activ-
ity of selected metabolic reactions can influence the emerging population
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dynamics, especially in presence of limited space and heterogeneous distri-
bution of nutrients.

In Figure 4[B] one can see the average variation of the cell population
size in time. Type 1 sub-population dominates the overall dynamics in all
simulations, proving a remarkable selective advantage based on its metabolic
properties.

The biomass production of type 1 cells is indeed limited when there is
shortage of oxygen. As in this case the hypoxic zones are positioned at the
lateral sides of the lattice, type 1 cells tend to colonize the central part of the
lattice, which is larger and richer in oxygen. Conversely, as the growth of
type 2 and 3 cells is limited in presence of high oxygen, such cells tend to
displace along the hypoxic regions of the lattice, where they compete for the
same limited space and resources.

It is interesting to notice that the growth limitation constraint related to cell
size that characterizes type 3 cells does not influence the overall population
dynamics, as type 2 and 3 sub-populations display very similar variations in
time.

Notice also that the selective advantage of type 1 cell is not reflected in
the variation of the average biomass distribution, which is quite similar for
all the sub-populations across the simulations (see Figure 4[C]); it is, instead,
due to a faster pace in duplication events 4[D].

This interesting results prove that metabolic fitness can be evaluated only
with respect to environmental conditions, and especially to the spatial con-
straints and the availability of nutrients of the considered tissue.

[SC 2 - B] Resistant subclones determine cancer recurrence.
Intra-tumor heterogeneity is one of the major causes of therapy failure and
tumour relapse, as small resistant cancer subclones may emerge and expand
once a certain therapy has successfully killed the dominant – and usually
detectable – subclone. In this analysis we aim at investigating the emergent
behaviour of a crypt populated by metabolically different sub-populations
(taken from [SC 2 - A] simulations), in which an effective therapy gets rid of
the dominant subclone only.

In all simulations from scenario [SC 2 - A], type 1 sub-population emerged
as dominant, so once targeted by the therapy at MCS = 2000, all type 1 cells
are quickly wiped-out from the lattice, leaving space and nutrients for type 2
and 3 sub-populations (see Figure 5[B,F]).

It is interesting to notice that, in distict simulations, either type 2 or type
3 sub-populations end up in colonizing the crypt (see Figure 5[A-D, I] and
[E-H, L] for two example simulations, respectively, and Figure 6 [A], for a
summary of all simulations). In this respect, one may suppose that, despite
the difference in metabolic properties of the two cell types, the underlying
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FIGURE 5
[SC 2 - B](A-D) and (E-H) Snapshots of FBCA dynamics at 2000, 2005, 3000 and 4000 MCSs
of two example simulations (first and second row, respectively). The simulations start from the
last MCS of randomly selected simulations presented in Figure 5, and model a therapy occurring
at the first time step (MCS = 2000). Shapes with red, blue and green tonalities indicate type 1,
type 2 and type 3 cell types, respectively; identical color refers to the same clonal population.
(I-L) Variation of the cell number of the distinct sub-populations in time, with respect to the two
example simulations. In the first row, as a consequence of the therapy, which quickly eliminates
all type 1 cells from the lattice, type 2 sub-population colonizes the crypt, after a certain transient.
In the second row, type 3 sub-population dominates.
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stochasticity of the system dynamics is indeed largely responsible for the
final fate of the system. In both scenario, the crypt is colonized in around
500MCSs (around 50 hours), quickly filling the space left empty by type 1
cells.

Also, one can notice that the distributions of the duplication times
recorded before and after the therapy are quite similar for type 3 cells,
whereas type 2 cells display a significant faster duplication pace. This phe-
nomenon is likely due to the biomass growth limitation related to cell size,
which characterizes type 3 cells, preventing a more noteworthy increment in
the duplication rate.

To conclude, we here proved that our modeling approach can link the
metabolic properties of cancer cells with the complex emerging behaviour
of a biologically realistic tissue, hence allowing to investigate the behaviour
of possibly undetected drug-resistant subclones, which may be responsible
for cancer recurrence. Such aspects could not have been tackled by focusing
on the individual dynamics of metabolic networks only, and require effective
frameworks to integrate distinct biological levels and phenomena, including
the effects of stochasticity.

5 DISCUSSION

FBCA is a multiscale modeling framework that combines a biophysically
plausible representation of cell morphology and interactions, via Cellular
Potts Model, and a model of cellular metabolic activity, via Flux Balance
Analysis.

Despite the abstractions underlying both modeling approaches, we proved
that FBCA can reproduce complex phenomena observed in real world bio-
logical systems, such as cell migration, tissue colonization and homeostasis,
allowing to perform in-depth quantitative analyses of key properties of cell
populations in a variety of simulated experimental settings. In particular, the
encouraging results on cancer recurrence modeling could be further investi-
gated.

One the one hand, it could be possible to integrate our approach with can-
cer evolution models derived from genomic data as proposed, e.g., in [5, 22].
For instance, one might characterize the cancer sub-populations resulting
from the distinct evolutionary trajectories with specific metabolic models. By
integrating such models with a detailed morphological characterization of tis-
sues and organs, it will be possible to deliver predictive models of cancer
spatial evolution, in which sub-populations are driven by specific metabolic
properties and interactions.

On the other hand, our framework allows to effectively test realistic
metabolic therapies in silico, by targeting specific reactions within the
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metabolic networks of the single cells, and by simulating the emerging popu-
lation dynamics in realistic experimental scenarios. This will provide a pow-
erful automated instrument for metabolic therapy design and testing, and rep-
resents one of the major advantages of employing our modeling approach.

Many extensions of FBCA are underway in order to model more biologi-
cally realistic processes and phenomena. For instance, metabolic communica-
tion among cells can be easily modeled with FBCA, by allowing the metabo-
lites secreted by cells to diffuse over the tissue. In addition, the diffusion of
nutrients via spacial gradients can be introduced in FBCA, and this will allow
to explore scenarios that might be experimentally validated, e.g., in cell cul-
ture. Besides, it will be possible to characterize the features and properties of
each cell by employing the increasingly available single-cell -omics data, as
proposed for instance in [11].

The overall approach has a remarkable potential in several distinct appli-
cation domains, ranging from cancer research to metabolic engineering. For
instance, FBCA might be used to simulate the impact on tissue morphol-
ogy of mutations in metabolic genes accumulating through successive clonal
expansions.

Efforts to speed up the execution time are ongoing, focused on the paral-
lelization of the CPM computation and distribution of FBA computation.
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To investigate the conditions and mechanisms that link metabolic processes to cell population
dynamics, we here employ a previously introduced multi-scale model of multi-cellular system,
named FBCA (Flux Balance Analysis with Cellular Automata), which couples biomass accu-
mulation, simulated via Flux Balance Analysis of a metabolic network, with the simulation of
population and spatial dynamics via Cellular Potts Models.
In this work, we investigate the influence that different modes of nutrients diffusion within the
system may have on the emerging behaviour of cell populations. In our model, metabolic com-
munication among cells is allowed by letting secreted metabolites to diffuse over the lattice, in
addition to diffusion of nutrients from given sources. The inclusion of the diffusion processes in
the model proved its effectiveness in characterizing plausible biological scenarios.

Keywords: Multi-scale modeling, Cellular Potts Model, Flux Balance Analysis, Diffusion, Can-
cer development

1. Introduction

Increasing experimental evidences are suggesting that the deregulation of metabolism is one of the
key actors in tumor origination and development [1, 2]. In this respect, most current computational
strategies to investigate metabolic deregulation are based on the simulation of the steady state behavior
of an average cell belonging to a (heterogeneous) population [3, 4].

Yet, cancer (sub)population evolve and compete in a (micro)environment with usually limited re-
source (e.g., oxygen and nutrients) and with specific spatial properties, which significantly differs in
distinct tissues and organs [5]. For this reason, properties based on average measurements may be
scarcely significant, as they are not representative of the specific features of single cells and subpopu-
lations, as well as of their interactions with the surrounding environment [6].

This aspect has important translational repercussions, as the intra-tumor heterogeneity resulting
from such complex interplay is one of the major causes of drug resistance, therapy failure and relapse
[7, 8, 9]. Unfortunately, so far the emerging single-cell omics technologies are still unable to finely
characterize the interactions among cell (sub)populations, especially because of many technical issues
that compromise the overall resolution [10, 11].

For this reason, effective computational multi-scale models are increasingly needed to account
for processes and phenomena occurring at different time/ space scales and involving populations of
interacting cells, with the final goal of identifying the conditions that may lead to complex behaviours,
such as tissue patterning, cellular migration, homeostasis, and the emergence of pathological states
[12, 13]. In this respect, many attempts have been proposed to simulate the spatial/morphological
dynamics of multi-cellular systems, by employing biophysically plausible models of cells and their
interactions, e.g., within tissues and organs [14, 15, 16]. In general, investigating the emerging spatio-
temporal behaviour of the heterogeneous populations may facilitate the development of more effective
intervention strategies [17].

In [18], we developed FBCA (Flux Balance with Cellular Automata) as first attempt to connect the
dynamical behavior of metabolic networks to biophysically realistic spatial and morphological proper-
ties of real multi-cellular systems. This model combines a spatial/morphological dynamical model of
a general tissue, simulated via Cellular Potts Model (CPM) [19, 20, 21, 22], and a lower-level model of
the metabolic activity of its constituting single cells, computed via Flux Balance Analysis (FBA) [3].
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In [23], we extended the previous framework by adding a population density-sensing mechanism, that
led to more realistic results.

In this work, we further extended the methodology to model metabolites diffusion through space.
In particular, we modeled metabolic communication among cells by allowing metabolites (e.g., lactate
secreted by cells) to diffuse over the tissue according to a local spatial gradient. The final goal of this
study is to evaluate the impact of different models of nutrient diffusion on the overall cell population
dynamics.

2. Methods

In order to model a generic multi-cellular system, such as a cell culture or a tissue, we adopted FBCA,
which we previously introduced in [18, 23]. This computational methodology combines through a
multi-scale model the spatial dynamics representation of the system via CPM [24], with a model of
cell metabolism via FBA [3] (see Figure 1).

Nsource

Figure 1. FBCAmodel is depicted. Image modified from [18]. The morphology of a generic tissue is modeled
via Cellular Potts Model, in which biological cells are represented by sets of contiguous lattice sites, which
evolve via flip attempts driven by a Hamiltonian functionH(L). H(L) depends on two terms, the first account-
ing for the Differential Adhesion Hypothesis (DAH), the second for the growth tendency of each cell due to
the accumulation of biomass (see Methods). Biomass is computed via Flux Balance Analysis on cell-specific
metabolic networks. Nutrients N are diffused, from different sources, to sustain the cellular growth.

Nsource
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2.1. Simulation approach

According to CPM representation of multi-cellular system, biological cells are represented on a two
dimensional lattice L, and their spatial dynamics is driven by an energy minimization criterion ruled
by a Hamiltonian functionH(L). A rectangular and rigid grid composed of h×w square sites li ∈ L
is used to represent the lattice. Given a set of cells tags C = {cc} represented in the lattice L, where
cc ∈ N, and a set of cellular types T = {tt}, where tt ∈ N, each biological cell is identified through
the identifier cc and associated to a specific cellular type tt. The space occupied by cell cc on the
lattice is denoted as Cc ⊆ L and corresponds to the set of contiguous lattice sites li associated to cell
cc. It is possible to represent on the lattice the empty space assigning to a lattice site the cellular type
E (or the empty space).

To connect the information of lattice sites with the information of cells, it is possible to exploit
[N(li)], that is the concentration for a nutrientN at a specific lattice site li, together with the definition
of two operators:

• σ : L → C such that σ(li) = cc. For short, we can say that σi = c, where c is the identifier of
the cell that lies on lattice site li.

• τ : C → T such that τ(σi) = τ(σ(li)) = tt. For short, we can say that τi = t, where t is the
cellular type that is associated to the cell that lies on lattice site li.

The simulation
The simulation approach can be depicted as follows:

1. Initialize: L, C, N

2. For each simulation step:

• FBA computation

• Biomass accumulation

• Removal of cell death by lacking of nutrient

• Minimization of the Hamiltonian function

• Cell cycle phase evaluation

• Nutrient diffusion

Each step of the second phase is detailed in the following.

FBA computation. FBA is exploited to compute the biomass production rate of any cell present in
the lattice according to the corresponding nutrient availability. To this aim, a metabolic network model
of human central carbon metabolism consisting of 272 reactions and 240 metabolites is associated to
each cell cc; this model was introduced in [25]. A metabolic network is defined as the set of metabolites
and chemical reactions taking place in a cell, and it can be formalized as aM×R stoichiometric matrix
S, where M is the number of metabolites and R is the number of reactions. Each element sm,r of the
matrix S is the stoichiometric coefficient of metabolite m in reaction r, which expresses the number
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of molecules of metabolite m that are transformed in reaction r. For any cell, uptake rate boundaries
of extracellular nutrients are defined according to the simulated experimental setting. In general,
the uptake rate of a given metabolite is constrained to be lower than the sum of the corresponding
concentration values in all of the lattice sites in that cell closeness. For the sake of simulation, flux
values of extracellular nutrients uptake reactions are assumed to be proportional to the concentration
of the corresponding involved nutrient.

Given a metabolic network, Linear Programming is applied in FBA simulations to identify the flux
distribution v = (v1, . . . , vR) that maximizes or minimizes a specific objective function Z:

Z =

R∑

j=1

wjvj (1)

wherewj is a coefficient that represents the contribution of flux vj in vector v toZ, given a steady-state
assumption for the abundance of each metabolite, i.e., S v = 0. In this work, the Linear Programming
Problem is solved at each Monte-Carlo Step (MCS) to maximize for each cell a pseudo-reaction that
represents the conversion rate of biomass precursors into biomass, as follows:

maximize vb

subject to S v = 0, vL ≤ v ≤ vU
(2)

where vb is the biomass reaction flux of the cell cc, whereas vL and vU represent the vectors contain-
ing, respectively, minimum and maximum allowed reaction fluxes.

Biomass accumulation. At each time step s, the current value of the biomass so far accumulated
by a given cell cc is represented by the map B : R× time→ R, that is B(σi, s) = B(c, s). To update
the current value for B(c, s), we add the biomass synthesis rate vb obtained from the FBA simulation
for the corresponding cell, to the biomass that is so far accumulated by the cell itself:

B(c, s) = B(c, s− 1) + γ · vb (3)

where γ is a dimensionless factor linking the contribution of cell density to biomass accumulation.
B(c, s) is exploited to determine the corresponding cell density ρc =

B(c,s)
Ac

.

In [18], we considered the scenario where, at each time step, a given cell produces biomass ac-
cording only to the nutrient availability, disregarding other parameters and setting the factor γ equal
to 1 to make the biomass accumulation independent of the current cellular density. However, in a
more realistic scenario, proposed in [23], cells avoid an uncontrolled raising of their cell density ρc,
we therefore modelled the limitation of biomass accumulation B(c, s) at each time step introducing a
limiting factor ϕ ∈ R+ as follows:

γ =




1, if ρc ≤ ϕ
1−min(1, 2(

ρc
ϕ
− 1))2, otherwise

In this way, we prevent the increase of the biomass accumulation in case of ρc exceeding its initial
value of 1.5 times.
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Hamiltonian function. The Hamiltonian function H(L) : L → R, is composed of two terms
H(L) = D(L) + G(L) that, respectively, account for the Differential Adhesion Hypothesis (DAH)
D(L) [26], and the growth tendency G(L) of each cell that is driven by biomass accumulation:

The first term D(L) is defined as follows:

D(L) = 1

2

∑

i,j∈N
J(τi, τj)(1− δσi,σj ) (4)

where J(τi, τj) is the surface energy between cellular types τi and τj that is required to maintain
adjacent two cell sites, δσi,σj is the Kronecker delta, and N is the Moore neighborhood.

The second term G(L) is defined as follows

G(L) = λ
∑

c∈C
(Ac −A⊕(B(c, s)))2 (5)

where the plasticity coefficient λ ∈ R+ is a Lagrange multiplier that accounts for the capacity to
deform a cell membrane, whereas Ac is defined as A : L → N such that A(σ(li)) = A(σi) =
A(cc) = Ac and corresponds to the current area of the cell cc. The target area A⊕(B(c, s)) is function
of the biomass B(c, s) that is accumulated by the cell cc at each time step according to the current
nutrient availability. The latter depends on the adopted diffusion process according to the considered
environmental settings, as it will be discussed later in this Section in the paragraph Diffusion. The
accumulated biomass B(c, s) is converted into the corresponding A⊕ by using the conversion factor
ϕ, A⊕ = B(c,s)

ϕ , which is usually set to 50.

Cell cycle phase evaluation. We associate to each cell an initial equal area, which is called base
area AB , representing the corresponding initial area before a cell starts to grow. Each cell can grow
until it reaches twice the initial AB . After that, following the half splitting of the updated space along
a randomly chosen horizontal or vertical direction, a daughter cell characterized by cell properties
inherited from its parent is produced.

Diffusion. The nutrient diffusion process, driven by the resulting positive outcomes shown in [27],
is here implemented averaging the nutrient concentrations in a neighborhood I of each lattice site li:

[N(li)] =
D

|I|
∑

j∈I
[N(lj)] (6)

where, the neighborhood I has different definition according to the biological setting to be mimicked,
i.e. I := N ∪ li in case of permeable cells, or I := CE ∩ (N ∪ li) in case of impermeable cells.
CE refers to the lattice sites where nutrients cannot diffuse because they are occupied by impermeable
cells. D is the diffusion coefficient chosen based on the nutrient species.

2.2. FBCA and diffusion

To investigate the ability of the proposed approach discussed in Section 2.1 to simulate the impact of
diverse nutrient diffusion models on a cell population dynamics, we modelled two different biologi-
cal scenarios corresponding, respectively, to a closed environment and to a tissue like environment.
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Regarding the latter, we proposed two configurations relative to the geometry of the nutrient sources.
These two configurations represent, respectively, a cross and a longitudinal section of the tissue like
environment (see Figure 2 panels A and B). Finally, to evaluate different descriptions of nutrient dif-
fusion across cellular membranes, namely cell membranes permeability, we modelled both cross and
longitudinal section configurations by considering cells as permeable and impermeable.

Overall, all these investigated scenarios share the following properties: i) the lattice is a fully
closed environment where the process of cellular death by starving is the only way to remove cells;
ii) in [23], the limitation of biomass accumulation allowed to obtain outcomes that are close to the
biological reality. For this reason, we maintain the assumption in this work; iii) metabolism of each
cell is simulated by using a core model of human central carbon metabolism [25, 28, 29]; iv) in this
study we consider one cellular type c and empty space E i.e. T = {c, E}, with surface energies
J(c, c) = 8 and J(c, E) = 2, mimicking the tendency to fill the empty space if available. Finally,
simulation parameters are set as in [18], unless otherwise specified.

2.2.1. Nutrients distribution and geometry

The first simulated biological scenario corresponds to a closed environment. In this regard, we mod-
elled a rectangular lattice space consisting of 150 × 100 sites. In this configuration, metabolites are
uniformly distributed over the lattice and their concentration values are equally set in all the lattice
sites. Furthermore, intercellular interactions only depend on nutrients exchange rather than on specific
nutrient diffusion dynamics.

In the initialization phase, the lattice is populated with four cells having the same area. At each
simulation time step: i) to reset a uniform nutrients distribution over the lattice, the amount of each
nutrient at each lattice site, [N(li)] is set to its mean value over the entire lattice; ii) nutrients uptake
rate of each cell is set proportionally to its areaAc and constraints of each cell vU ,vL are set to [N(li)]·
Ac; iii) a FBA optimization is performed for each and every cell being in the lattice, and the secreted
metabolites instantaneously diffuse; iv) finally, the nutrients amount in the lattice is updated. The
simulation is halted before that cells saturate the closed environment (i.e. 1000 time steps) according
to the biological inspiration.

In the second biological scenario, we conceived a rectangular lattice space of 175 × 115 sites to
represent a tissue-like environment. Moreover, this lattice is completely closed to avoid the removal
of cells from the system beyond the cell death. According to this space configuration, nutrient dif-
fusion dynamics is considered and metabolites concentration in each lattice site [N(li)] is set equal
to the mean of the corresponding concentrations in its neighborhood according to Equation 6. In the
initialization phase, the lattice is randomly populated with cells of different initial area.

Many projections are possible sections of a three dimensional space into a two dimensional one,
but to pursue our intent to mimic realistic conditions of a tissue, we opted for the following two
sections.

Cross section represents a transversal section of a generic biological tissue that consists of 5 square
nutrient sources that are fixed placed within the lattice. These point sources represent blood vessels
from which nutrients radially diffuse. As depicted in Figure 2A, vessels area is equal to 121 lattice
sites per the top and bottom point sources, whereas it is equal to 81 for the three central ones.
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Figure 2. Schematic representation of the nutrient sources geometry and access. On the left: A) The tissue is
represented from a cross section point of view. B) The tissue is represented from a longitudinal section point
of view. Yellow rectangles and squares show the position and the area of the nutrient sources in the lattice.
On the right: Cells have different nutrient availability (light blue surface) according to their permeability. C)
Impermeable cells exchange nutrients with lattice sites of the empty space adjacent to cell membrane (red solid
lines); D) permeable cells exchange nutrients with lattice sites within the cell membrane.

Longitudinal section represents a biological tissue traversed by a blood vessel. The blood vessel
is here represented as a rectangle occupying all the central area of the lattice equal to 11× 115 lattice
sites. In this configuration, nutrients diffuse in the lattice with a linear gradient perpendicular to the
vessel axis.

The geometry and the position of the nutrient source are the only elements discriminating the two
tissue like configurations. At each diffusion step, each one of the considered nutrients concentration
within lattice sites of the source area is set equal to a specific value, i.e., oxygen is equal to 100 fmol,
glucose is equal to 50 fmol, and glutamine is equal to 50 fmol. The lactate is not supplied in the ex-
tracellular environment, but it may be just produced and then exchange from the cells. Once nutrients
concentration values are updated in these lattice sites, the diffusion in the entire lattice occurs accord-
ing to equation 6. If nutrients are not consumed by cells, they are removed from the simulated lattice
through a constant flux value when the corresponding edges of the lattice itself are reached.

2.2.2. Cell membrane permeability

In this work, we devise a simulator suitable to investigate the interplay between cellular population dy-
namics and nutrient diffusion. In this framework two different length scales take place: the one of the
nutrients that has dimensions of Å and the one of the cells that has length of µm. This, combined with
the fact that we exploit lattices, bi-dimensional objects to represent cells, three-dimensional objects,
suggested us to compare two different descriptions of nutrient diffusion across cellular membranes,
permeable versus impermeable cells (see Figure 3).

Permeable cell. In this condition, cell and nutrients move on two distinct overlapping layers:
the cell matrix, in which cells evolve, overlays the nutrient matrix, where metabolites freely diffuse
disregarding the presence of the cells. In this configuration, cells have access to the nutrients and
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Figure 3. Nutrient diffusion simulation. In each frame the same environment is depicted with a lattice pop-
ulated with five cells (C1, . . . , C5) where in each lattice site li the color correspond to the concentration of a
generic nutrient [N(li)] at that time step. In this dynamics there is no interaction between cells and nutrient but
the space occupied by each cell. Comparing the upper part (impermeable setting) with the lower one (permeable
setting), it is possible to recognize the shading effect, due to the cellular membrane, and the slower diffusion
process due to the limited amount of space available to nutrients to the impermeable configuration.

metabolites of each lattice site over which they “float” (See Figure 2D). The set of lattice sites in
which diffusion takes place I = N ∪ li does not require that sites belong to the empty space. In the
same way, the metabolites produced by each cell flow only into those lattice sites under the same cell
surface C. Cells are completely permeable to nutrients and metabolites and the diffusion process takes
place “independently” from the cells positions.

Impermeable cell. Cells and nutrients share a common layer, and nutrient diffusion is strongly
affected by cells locations. In this scenario, cells are fully impermeable to nutrients. Consequently,
nutrients cannot diffuse in the lattice sites that are occupied by cells (See Figure 2C). Set I = CE ∩
(N ∪ li) adopted in Equation 6 requires to consider only lattice sites belonging to the empty space.
In this configuration, cells only access to metabolites that are available in lattice sites adjacent to their
external surface. In a similar manner, the metabolites produced by each cell flow only into lattice sites
on the perimeter of the cell surface. However, in this way, two neighbouring cells that are separated
by just a unique lattice site, share the set of nutrients in lattice sites that are adjacent to cellular
external sides. To avoid the situation where a limiting nutrient concentration is consumed by both
cells, we updated the corresponding nutrients concentration values after metabolic fluxes computation
of each single cell. Moreover, to avoid bias, we randomized the order in which these optimizations
were performed. Since nutrient diffusion and computation of the cellular dynamics are sequentially
executed, if cell area increase includes a previously empty lattice site, nutrients concentration is shifted
in that lattice site and then splitted among its neighborhood belonging to the set of empty sites.
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2.3. Implementation

The scripts to perform all the analysis and the functions to simulate the spatial dynamics and the
diffusion steps has been written from scratch in Matlab. We used the COBRA Toolbox[30] to optimize
the metabolic networks and compute the biomass for each cell in the lattice. A complete MCS requires
between ∼3 s and ∼6 s with a PC Intel Core i7-3770 CPU 3.40 GHz 64-bit capable, with 32 GB of
RAM DDR3 1600 MT/s.

3. Results

3.1. Closed environment

As shown in Figure 4, when we modelled the closed environment setting, we observed that cells
start to grow and to fill the empty available space. Nevertheless, cells dimension does not increases
excessively because of the previously defined growth rules with a mitotic area set to 50.

Moreover, Figure 4 contains few snapshots of the metabolic history of the entire cells population
suggesting a metabolic switch from glucose uptake to lactate consumption: cells turn from red to blue.

20 MCS 500 MCS 780 MCS 1000 MCS

Chemostat

Glucose consumption Lactate consumption

Figure 4. Cells population dynamics in the closed environmental setting. In this configuration, metabolites
are uniformly distributed over the lattice and their concentration values are equally set in all the lattice sites. In-
tercellular interactions only depend on nutrients exchange rather than on a specific nutrient diffusion dynamics.
The color assigned to each cell depends on its emerging metabolic trait. Red cells depend on glucose utiliza-
tion, while the blue ones on lactate utilization. Color shades are intended to distinguish among cells and are not
informative about fluxes values.

But, it is in Figure 5 that is possible to account for this phenomenon, at the beginning glucose
and glutamine represent the main nutrients adopted from cells to grow, even if the initial consumed
concentration of glucose is higher than that of glutamine. Moreover, from the red curve in Figure 5
A, that corresponds to the available amount of glucose over time and space, we observed that cell
consumption of this nutrient does not follow a linear trend due to the initial low number of cells that
are present in the lattice.
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Figure 5. Nutrient dynamics and average area in the closed environment setting. A) The graph depicts the
mean nutrients amount (solid line) and its standard deviation (shaded area) over 10 independent simulations. B)
The graph depicts the mean cell area (solid line) and its standard deviation (shaded area) over 10 independent
simulations.

These two nutrient sources are gradually consumed over MCS time step and lactate is produced.
However, at the point where there is no more available glucose to grow, we observed that cells start
to use lactate as alternative nutrient source. Accordingly, in the second and third panel of Figure
4, we observed a rapid switch of cellular metabolism from cells mainly growing on glucose to cells
whose growth is dependent on the consumption of lactate. This rapid switch can occur because of
the identical access of cells to nutrients. In line with the description of closed environment setting,
nutrients access only changes among cells according to their dimension.

In Figure 5B, we plotted the average cell area over MCS. The starting setting of 4 cells having the
same area showed very well the cellular growth process due to the initial sharp increase of cell average
area. Moreover, we can appreciate how long it takes a cell to double, i.e., the mitosis process. As cells
continue to grow, we observed that their number increases, and differences begins to emerge among
them due to the no longer equal size. Accordingly, the average cell area results to be the mean of a
more extended range of values.

3.2. Tissue like environment

In the tissue-like model, we consider that all cells can be either permeable or impermeable to nutrients.
Our simulations consider either a longitudinal or a cross-section of a 3D lattice, therefore originating
4 independent simulation scenarios (Figure 6).

In all scenarios, nutrients are injected in the system only within a specialized lattice subset that we
refer to as “vessel”, they mix only locally and cells can move and die (because of nutrient depletion).
Since their survival chances collapses as they move away from nutrient availability, cells tend to stay
close to the vessels in all four simulation scenarios over the course of the entire simulation (Figure 7).

Snapshots of the lattices at the end of simulations are shown in Figure 6. We assigned cells in the
population to three groups according to their way of metabolizing lactate, taken as an indication of
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A

Figure 6. Snapshot of the final simulation step relative to cell population arrangement according to the 
four possible configurations of tissue environmental setting. The tissue is represented from a cross section 
(panels A,B) and from a longitudinal section point of view (panels C, D). The cells have permeable 
membrane (panels A, C) and impermeable membrane (panels B, D). The yellow lattice sites represent the 
nutrient sources in the lattice. Biological cells are differently colored according the corresponding lactate 
metabolism, i.e. green if lactate is produced, orange is lactate is consumed and purple if lactate is both 
produced or consumed with a flux less than 0.1 fmol.
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Figure 7. Comparison of the effect of cell permeability and simulation geometry on number and distance from
source of cells of different metabolic phenotype. In panels A, B, C, D the geometry is shaped to represent a
cross-section while in panels E, F, G, H it is shaped as a longitudinal section. Panels A, B, E and F depict
the mean number of cells (solid line) and its standard deviation (shaded area) over 10 independent simulations.
Panels C, D, G and H depict the mean distance of the cells from the closest nutrients source (solid line) and
its standard deviation (shaded area) over 10 independent simulations, where the distance is calculated between
the cell and the closest source barycentre. Biological cells are differently colored according the corresponding
lactate metabolism, i.e. green if lactate is produced, orange is lactate is consumed and purple if lactate is both
produced or consumed with a flux less than 0.1 fmol.
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their metabolism: Outward lactate flux (green), Inward lactate flux (orange), No lactate flux (purple).
Purple cells, corresponding to the ones that are not either consuming or producing lactate with a flux
greater than 0.1 fmol, are missing among the permeable cells. These cells show a rapid drop in number
in the early simulation cycles, completely disappearing at MCS 200, in both the cross-section (Figure
7 A to D) and longitudinal (Figure 7 E to H) simulation settings. The average number of lactate
producing (outward flux, green) and their distance from the vessel was similar in both the cross-
section and longitudinal simulations (panels A,B and E,F, respectively, of Figure 7), although the
latter showed increased variability. In both cross- and longitudinal sections, lactate producing cells
were present in higher number and farther to the vessels than lactate-consuming cells. Differently
from permeable cells, the impermeable ones showed all the three types of lactate metabolism (Figure
6 and 7). Lactate producing (outward flux, green) cells represent the less abundant sub-population in
both the longitudinal and cross-section simulation scenarios (panel B and F of Figure 7, respectively).
Similar to the trend observed in permeable cells, longitudinal simulations of impermeable cells showed
increased variability compared to cross-section variability (panels B, D and F, H of Figure 7), and a
steady state was reached after about 200 MCS.

4. Discussion

In this work, we extended the previous FBCAmethodology presented in [18, 23] to evaluate the impact
of different nutrient diffusion models on the population dynamics. In particular, we modeled metabolic
interaction among cells by allowing secreted metabolite to diffuse over the lattice together with the
diffusion of nutrients from different sources.

We proved that the inclusion of the diffusion process in the system dynamics can characterize
realistic and complex biological processes and phenomena. The developed simulator allowed to per-
form in depth quantitative analyses of cell populations properties in two different biological scenarios,
namely a cell culture in a closed environment and a tissue. In the first scenario, the simulator faithfully
reproduced the diauxic growth of yeast in a well stirred flask, whereas the second scenario properly
mimicked the behaviour of a tissue organization or tumor micro-environment niche. In both cases,
already known phenomena have been reproduced, such as for example the switch of the carbon source
exploited to grow when the mainly used one is totally consumed.

In addition, our simulator showed the ability to discriminate cells having different ways of nutrient
access according to their permeability, i.e. permeable and impermeable cells. Simulations regarding
tissue experimental setting revealed that the corresponding geometry considerably influence cell po-
sitions within the lattice. Nevertheless, our model faithfully represented the cellular structure that we
modelled like an in vivo cross or longitudinal sectioning of a biological tissue. This ability could be,
in the future, exploited to model more complex and close to reality blood vessels configurations.

Overall, the choice of the most suitable experimental setting is linked to the aim of the research.
A higher interest on the population dynamics rather than on the investigation of how nutrients are
consumed by cells leads to consider permeable cells a better approximation. In the opposite case,
impermeable cells result to be more appropriate.

In the next future we plan to perform further analyses to investigate the influence of different ini-
tial set of nutrients on cellular growth dynamics, as well as to explore any difference with the current
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outcomes. This strategy could assist the analysis of the differences emerged in this work between al-
ternative experimental settings. In particular, the reason why a more heterogeneous situation occurred
only when impermeable cells were considered, could be investigated.

In view of the outcomes we obtained in this work, we are confident that our simulator is enough
plastic to be adapted to the simulation of various and more complex scenarios, geometry of the system
and nutrient diffusion process.
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5
Data-driven multiscale modelling

In this chapter, the preliminary attempts of merging the two general methodological
approaches discussed in the thesis (omics data analysis – Chapter 3 – and multiscale
modelling – Chapter 4) are presented.

In particular, the inclusion of single-cell RNA-seq data into the FBCA modelling
framework is shown, also discussing possible future developments.

5.1 Background: single-cell Flux Balance Analysis
As explained in section 3.1.1, one can project single-cell gene expression profiles onto
metabolic networks to compute the RAS profiles. Instead of just comparing them, as
done in [154], one can: (i) use RASs to constraint the upper and lower bounds of reactions
in the metabolic model of a given cell; (ii) aggregate the single-cell metabolic models
into a population-model, as done in [119]; (iii) compute the flux distribution using as
objective function the optimization of the biomass at the population level.

All the steps resulted in the definition of the single-cell Flux Balance Analysis frame-
work (scFBA) [175], which allows one to portray a snapshot of the single-cell metabolic
phenotypes within a cell population at a given moment, by relying on unsupervised
integration of scRNA-seq data. In the work, we proved that the integration of single-
cell RNA-seq profiles allows one to point out the possible metabolic interactions via
exchange of metabolites through the microenvironment, and to identify clusters of cells
with different growth rates.

In general, this approach proved that it is possible to extract relevant metabolic
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information even from single-cell expression profiles. However, scFBA allows only to
obtain a snapshot of the cell metabolic states without considering cell spatial dynamics,
nor nutrients diffusion. Since we are interested in studying the complex interactions
between cells and the metabolic heterogeneity that emerges from them, we decided to
extend the approach by using our FBCA framework as scaffold (see 4.2). Details are
provided in the next section.

5.2 Integration of single-cell gene expression data into FBCA
In section 3.1.1, we described the methods developed to exploit gene expression profiles
to characterize metabolic heterogeneity. In section 4.2, we defined the FBCA multiscale
framework to simulate the spatial dynamics of a multicellular system, driven by the
optimization of biomass production, as a function of the underlying metabolic model and
nutrients availability. This chapter presents a preliminary attempt to merge the omics
data analysis and multiscale modelling to characterize the complex emerging interactions
among cancer cell subpopulations.

Notice that data-driven multi-scale modelling framework are becoming increasingly
popular in the study of multicellular systems and, especially, cancer, as recently reviewed
in [235]. We position our work in this sphere, which is expected to produce translational
results in model-driven clinical oncology and precision/personalized medicine.

To this end, in paper P#10 we employed a scRNA-seq dataset to obtain single-
cell RAS profiles, as proposed in [175]. Accordingly, we generated single-cell-specific
metabolic models by constraining their upper and the lower bounds in accordance with
the RAS profiles. Finally, we populated the initial configuration of the FBCA lattice
with cells characterized by such metabolic models and a random spatial distribution.
In particular, we employed the Tissue-like scenario presented in paper P#9. With this
setting, space is limited and nutrients (e.g., Oxygen, Glucose, and Glutamine) diffuse
from five nutrient sources with specific diffusion constant estimated from the literature.
More details on how nutrients diffuse are provided in section 4.2 and in the paper.

After running a large number of simulations, we investigated two kinds of emerging
properties. First, we marked cells based on the consumption or production of Lactate to
define their metabolic behaviour (i.e., oxidative or fermentative). The idea is to observe
if metabolic spatial patterns spontaneously emerge. The second analysis aims to detect
metabolic subpopulations and how they are distributed across the space. To this aim,
we first stratified cell metabolisms based on the optimal biomass that they can produce
with identical nutrient availability. Then, we marked cells as High, Low, or Average
proliferative and observed their spatial distribution at the end of the simulation. It might
be sound to hypothesize that low-proliferative cells are depleted from the system, because
of their lower proliferative behaviour. Instead, we noticed that this subpopulation can
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indeed survive in regions distant from nutrient sources, where the scarcity of nutrients
limits the overall proliferation and competition.

All in all, this preliminary result proves the effectiveness of the FBCA approach
as a scaffold for the integration with single-cell omics measurements. However, some
theoretical improvements may be useful to improve the realism of simulations.

First, one could increase the number of simulated cells, e.g., to integrate UMI-based
datasets. To this end, despite the representation of biological cells as a set of lattice sites
is helpful to consider their morphological properties, it is computationally expensive. A
diverse spatial representation of the system might allow to simulate a significantly larger
number of cells (from hundreds to thousands), e.g., via graph-based models [174, 227].

On the other hand, new data types might allow for a finer integration of omics data,
e.g., via spatial transcriptomics (see Discussion).
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new therapeutic opportunities, heterogeneity of cancer metabolism hinders the
identification of effective treatments. Tumors with different tissue and cell type
origin present extensive genetic and phenotypic variability, resulting in a dif-
ferentiated aggressiveness and sensitivity to cytotoxic therapies. Such an inter-
tumor heterogeneity is accompanied by intra-tumor heterogeneity, since multi-
ple subclones having different genetic, epigenetic, and phenotypic features can
characterize distinct regions of the same primary tumor. A complex metabolic
interplay occurs among cancer cells, the host stroma, and cells of the immune
system. Malignant cells may extract high-energy metabolites (e.g., lactate and
fatty acids) from adjacent cells, contributing to treatment resistance. Therefore,
effective therapeutic strategies should incorporate knowledge of cooperation and
competition phenomena within cancer cell populations.

Many efforts have been devoted to investigate inter-tumor metabolic het-
erogeneity [1], which rely on tissue-specific steady-state modeling to unravel
distinctive metabolic alterations of multiple cancer types that may represent
potential targets for the development of personalized therapies. Fewer efforts
have been instead put forward to investigate intra-tumor metabolic heterogene-
ity [2], which however require knowledge a priori of the composition of the
cell population. This limit can be overcome by exploiting the information of
gene expression at the single cell level today fully enabled by RNA-seq. In this
regard, we have recently proposed the single-cell Flux Balance Analysis frame-
work (scFBA) [3], which allows to portray a snapshot of the single-cell metabolic
phenotypes within a cell population at a given moment, by relying on unsuper-
vised integration of scRNA-seq data. scFBA does not explicitly model spatial
organization and dynamics. Yet, cancer (sub)population evolve and compete in
a (micro)environment with usually limited resource (e.g., oxygen and nutrients)
and with specific spatial properties, which significantly differs in distinct tissues
and organs. Therefore, modeling the spatio-temporal dynamics of heterogeneous
cell populations may assist the development of strategies able to investigate
processes and phenomena involving populations of interacting cells at different
time/space scales. The simulation of the spatial/morphological dynamics of mul-
ticellular systems, such as tissues and organs, has recently progressed [4]. As a
first attempt to combine the spatial/morphological dynamics of a multicellular
model simulated via Cellular Potts Model (CPM) [5], and the metabolic activity
of its constituting single cells computed via Flux Balance Analysis (FBA) [6],
we developed FBCA (Flux Balance with Cellular Automata) [7,8,10]. In [9],
we extended the previous framework by modeling the metabolic communication
among cells, via diffusion of metabolites over the tissue according to a local
spatial gradient.

In this work, we introduce the integration of single-cell RNA-seq (scRNA-seq)
data into FBCA, aiming to evaluate the impact of different single-cell fluxomes
on the overall cell population spatial dynamics. Metabolic behavior(s) charac-
terizing every single cell in the population will emerge from the combination
of the corresponding intracellular constraints dictated by single-cell transcrip-
tomic data, together with its nutritional constraints. As a proof of principle, we



Integration of Single-Cell RNA-Seq Data into FBCA 209

applied the methodology to the lung adenocarcinoma patient derive xenograft
scRNA-seq data, already used in [3].

2 Materials and Methods

2.1 The FBCA framework

FBCA is a computational methodology which combines the spatial dynamics
representation of the system through Cellular Potts Model (CPM) [5], with a
model of cell metabolism by means of Flux Balance Analysis (FBA) [6]. For an
extensive and formal description of the FBCA framework, the reader is referred
to [7,8]. Here we just recall the general idea: the morphology of a generic tissue is
modeled via CPM, in which biological cells are represented by sets of contiguous
lattice sites, which evolve via flip attempts driven by a Hamiltonian function
that accounts for the Differential Adhesion Hypothesis [5] and for the growth
tendency of each cell due to the accumulation of biomass.

Accumulation of biomass is determined according to the biomass produc-
tion rate of the metabolic network associated with each cell, according to the
corresponding nutrient availability. A metabolic network is defined as the set
of metabolites and chemical reactions taking place in a cell. The biomass pro-
duction rate of a given metabolic network is computed at each Monte Carlo
simulation Step (MCS) by means of FBA, according to the corresponding nutri-
ent availability. The uptake rate of extracellular nutrients are constrained to be
lower than the sum of the corresponding concentration values in the lattice sites
belonging to that cell neighborhood. The concentration of nutrients in the lat-
tice sites in turns depend on the diffusion of nutrients which is updated at each
simulation step.

Given the constraints on uptake boundaries, FBA solves a Linear Program-
ming problem to identify the flux distribution v = (v1, . . . , vR) that maximizes or
minimizes the biomass reaction flux vb of the cell, given a steady-state assump-
tion for the abundance of each metabolite, i.e., S v = 0, and boundaries for
allowed reaction fluxes.

At each time step s, the biomass synthesis rate is added to the current value
of the biomass so far accumulated by a given cell. As described in [8], to avoid
an uncontrolled raising of the cell density a limitation of biomass accumulation
was introduced.

Each cell is assigned an initial equal area. When it reaches twice its initial
area, it splits into two daughters, along a randomly chosen horizontal or vertical
direction. Daughter cell inherit their parents’ properties.

The nutrient diffusion process, as discussed in [9] is implemented by averag-
ing the nutrient concentrations in a neighborhood of each lattice site. Different
diffusion coefficients can be set for different nutrients.

At each simulation time step, the upper bounds of the nutrients uptake rates
of each cell are set proportionally to its area.
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2.2 Integration of ScRNA-Seq Data

In order to customize the cells according to scRNA-seq data, we first classify
genes as “on” (1) if the corresponding Transcript Per Kilobase Milion (TPM)
is greater than 0, as “off” (0) otherwise. We then solve the logic Gene-Protein-
Reaction (GPR) rules included in the model, which determine the set of proteins
that must be present for the reaction to carry flux, in a Boolean fashion, by
considering the binary gene expression values. If the GPR is not satisfied (i.e.,
false), we limit the flux capacity of the reaction by setting the upper/lower bound
as 0.01% of the original value.

We note that the Boolean simplification can be effective, to a first approx-
imation, in investigating how the simple activation/inactivation of genes may
influence the complex metabolic interplay involving cell subpopulations. Nev-
ertheless, more refined data integration strategies, such as the employment of
discretized or continues normalized expression values may be effective to this
end, and will be included in further extensions of the method.

It is worth mentioning that, to reduce the computation time, we did not
embrace the philosophy used in scFBA of setting the flux capacity as a continu-
ous function of the expression of the associated genes, as this would require to
perform a computationally demanding Flux Variability Analysis for each cell at
each simulation step [3]. By doing so, we maintain the simulation time reported
in [9].

It is also worth mentioning that we did not exploit the strategy used in
scFBA of solving a unique mass balance problem for the entire population, given
constraints on the uptake and consumption rate of the bulk, but each cell was
modeled separately. Because space is explicitly modeled in FBCA, each cell must
indeed have its own constraints, which depend in turn on the diffusion of nutri-
ents in its neighborhood.

In our framework, nutrients diffusion and cells evolution take place with inter-
leaved dynamics of different speeds (a MCS every ten diffusion steps). In order
to avoid the case that cells starve at first steps of the simulation we let nutrients
diffuse for 1500 steps before seeding the lattice with cells and letting them to
enter in the dynamics process. Moreover, to guarantee the representativeness of
each experimental cell phenotype, we seed the lattice with ten copies of each
cell.

Datasets. In this work, we used the Lung Adenocarcinoma (LUAD) scRNA-seq
dataset LCPT45Re obtained from the NCBI Gene Expression Omnibus (GEO)
data repository under accession number GSE69405. The dataset is composed of
43 cells acquired from a xenograft, obtained by sub-renal implantation in mice of
a surgical resection of a 37-mm irregular primary lung lesion in the right middle
lobe of a 60-year-old untreated male patient.

2.3 Experimental Setting

We considered a rectangular lattice space of 150 × 100 sites to represent a
tissue-like environment. The lattice is closed on all sides to avoid the washing
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out of cells, which can disappear form the systems only as a result of cell death.
The metabolism of each cell is simulated by using a core model of human central
carbon metabolism [1]. As in [9], we considered a single cellular type and defined
an Hamiltonian function to mimic the tendency of cells to fill the empty space if
available. All simulation parameters are set as in [9], unless otherwise specified.
In the initialization phase, the lattice is populated with ∼ 500 cells with different
and randomly assigned initial areas, in the range [25, 50], as originally proposed
in [8].

In order to introduce biophysically plausible nutrient sources in the mod-
elling framework, in [9] we described two scenarios involving projections of three-
dimensional blood vessels into the two-dimensional space of the lattice. Here we
opted for the Cross section scenario, which represents a transversal section of a
generic tissue that includes 5 squared nutrient sources positioned on the lattice
(see Fig. 1).

The nutrient diffusion process is then simulated as follows. As in [9], at
each diffusion step, the concentration of each nutrient in each lattice site of
the nutrient source area is set equal to a specific value, i.e., oxygen is equal
to 100[fmol], glucose is equal to 50[fmol], and glutamine is equal to 50[fmol].
The lactate is not supplied in the extracellular environment, but it may be just
produced and then exchanged with other cells. If nutrients are not consumed by
cells, they are removed from the simulated lattice through a constant flux value
when the corresponding edges of the lattice itself are reached.

In [9] we explored two different descriptions of nutrient diffusion across cel-
lular membranes: permeable versus impermeable cells, and we concluded that,
given that the population dynamics is only slightly affected by this choice, in
order to speed up the computation time the second option is more convenient.
Therefore, here we assume cell permeability, meaning that the diffusion process
takes place “independently” from the cells positions. Cell and nutrients move on
two distinct overlapping layers: the cell matrix, in which cells evolve, overlays
the nutrient matrix, where metabolites freely diffuse disregarding the presence
of the cells. In this configuration, cells have access to the nutrients and metabo-
lites of each lattice site over which they “float” (See Fig. 1). More details can be
found in [9].

In this work, we decided to perform 10 nutrient update steps at each step
of the spatial dynamics (MCS), and to account for different diffusion rates of
the distinct nutrients according to experimental estimations in literature. We
also allow the nutrients to diffuse over the lattice for 1500 update steps before
positioning the cells and start running the spatial simulation.

3 Results

As previously mentioned, we allow nutrients to diffuse for 1500 updates before
positioning the cells. We also verified that after 1500 time steps all nutrients
have diffused all over the lattice.

We consider this situation as our starting point (MCS=0). At MCS=0 we
place the cells and we let them evolve. We ran 9 distinct simulations with the
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same experimental setting. An example of simulation run is depicted in Fig. 1 for
MCS 1, 500, 1000 and 2000. Cells are colored according to emerging metabolic
properties: green cells consume lactate, where orange cells secrete it. It can be
noticed that at time MCS 1, no cells consume lactate as it is not supplied with
blood but it can just be secreted by cells in the lattice. It can be observed that
at time 500 cells have lost their initial (unrealistic) squared shape and have filled
up the lattice. Remarkably, at this point cells that consume lactate appear. As
it is apparent also in later evolution steps, these cells tend to be confined at the
extremities of the lattice, where nutrients are less abundant.

MCS 1 MCS 500 MCS 2000MCS 1000

Nutrient sources Lactate consuming
cells

Lactate secreting
cells

Fig. 1. Snapshots of four selected simulation steps (at time: MCS = 1, MCS = 500,
MCS = 1000 and MCS = 2000) of a single simulation run. The tissue is represented
from a cross section and the cells have permeable membrane. The yellow lattice sites
represent the nutrient sources in the lattice. Biological cells are differently colored
according the corresponding lactate metabolism, i.e., green if lactate is produced and
orange is lactate is consumed. (Color figure online)

It is interesting to investigate whether this patterning is determined merely
by nutrient gradients or also by the underling metabolic network, which should
reflect the gene expression patterns. At this aim, we need to classify cells differ-
ently according to their metabolic network. As a first approximation, we con-
sidered as an indicator of differences in the metabolic network the differences
in the theoretical capacity of the corresponding cell to make biomass given (the
same) availability of all nutrients. We refer to this value as Optimal Biomass
Production (OBP). Following the distribution of OPB values, we could easily
divide cells into three non-overalapping groups: low OPB; medium OBP and
high OBP (data not shown here).

In Fig. 2A cells are labeled with different colors according to the OBP group.
The dots in Fig. 2 correspond to the barycenter of each cell in each of the 9
simulation runs at a given MCS. When observing MCS 1 (first panel from the
left) it is apparent that most cells fall in the high OBP group. Cells belonging to



Integration of Single-Cell RNA-Seq Data into FBCA 213

the tree groups are uniformly distributed across space. As the simulation proceed,
it can be observed that cells tend to cluster according to their OBP, and hence
to their gene expression. High OBP cells tend to colonize the surroundings of the
blood vessels, whereas low and medium OBP cells are confined to the corners of
the lattice. This interesting result proves that the metabolic behaviour of a cell is
the result of an interplay involving gene expression patterns and the properties
of the environment, in this case in terms of proximity to the nutrient source
and availability of space. To further investigate such behaviour, we counted the
number of cells included in each OBP group and placed at a given distance
from the nutrient sources – computed in terms of lattice sites. In particular, we
computed the proportion of cells of each group having distance d: 0 ≤ d < 3,
3 ≤ d < 6,6 ≤ d < 9, . . . As shown in Fig. 2B, at MCS = 1, the prevalence of the
distinct groups is homogeneous with respect to the distance from the nutrient
sources. However, as the simulation continues, the regions close to the nutrient
sources get progressively colonized by the high OBP cells.

MCS 1 MCS 500 MCS 2000MCS 1000

Minimal distance from nutrient sources (lattice sites)

Nutrient sources Optimal biomass 
production low

Optimal biomass 
production medium

Optimal biomass 
production high
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Fig. 2. A. The barycenters of the cells present in the lattice. B. Variation of the preva-
lence of the OBP cell populations at each time point. The distance is computed by
considering for each cell only the nearest nutrient source. The plots correspond to time
MCS = 1, MCS = 500, MCS = 1000 and MCS = 2000 in all 9 simulation runs are
displayed. The colours are related the Optimal Biomass Production – OBP – groups,
as defined in the main text: blue, green and red, corresponding to low, medium and
high OBP, respectively. (Color figure online)
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4 Conclusion

The results presented in Figs. 1 and 2 prove that FBCA has the potential to
unravel the complex interplay between gene expression and nutrient gradients.
Results are still preliminary, but suggest how a similar approach could be used to
group cells in homogeneous clusters due to the projection of single-cell RNAseq
data into cell-specific metabolic models. In [3] we showed how the scFBA method-
ology based exclusively on steady state modeling can be exploited to cluster cells
with the same data, according to growth rate and metabolic phenotype. FBCA
allows to refine such analysis by taking into account their spatial properties
and the interaction with other cells and the environment. Of course, the former
approach requires much less assumption and parameters, as scFBA needs only
constraints on the rate of consumption/secretion of nutrients of the overall pop-
ulation, which can be promptly measured with current methodologies. On the
contrary, FBCA requires information on the nutritional constraints of each sin-
gle cell and is based on many assumption on the population dynamics. However,
due to its high expressivity FBCA can describe multi-level complex phenomena
that emerge specifically due to interaction and competition of cells in an envi-
ronment with limited space and resources. This provides a powerful instrument
to investigate intra-tumor metabolic heterogeneity in distinct in-silico scenarios,
and surely deserves further investigations. We finally specify that a user-friendly
tool for the simulation of the FBCA framework is currently under development
and will be released in the near future.
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6
Discussion

In this work, I presented my endeavours to exploit the potential of computer and
data science in addressing a fundamental question in biomedical sciences, namely: how
can one successfully characterize the heterogeneity that emerges in a complex biological
system?

To pursue this objective, I have investigated in-depth the properties of many differ-
ent biological systems and phenomena, so to design, develop and apply new effective
computational methods that may generate experimental hypotheses with translational
relevance, and which, therefore, might support experimentalists and clinicians. In the
following, I briefly discuss some of the main achievements produced with respect to the
four main topics of the work, i.e., (i) definition of omics data preprocessing pipelines,
(ii) methods for omics data analysis and integration, (iii) multiscale modelling and
simulation of multicellular systems, and (iv) data-driven multiscale modelling.

1. Definition of omics data preprocessing pipelines
Next-Generation Sequencing technologies have generated an impressive amount of
high-resolution data. Appropriate computational pipelines are crucial to extract
and handle biological information contained in the data.

In this regard, we considered two types of data, namely: (i) gene expression profiles
and (ii) mutational profiles. The former are used to study phenotypic heterogene-
ity, while the latter to investigate genetic heterogeneity. In particular, we mostly
focused on data produced by single-cell sequencing experiments that allow one
to investigate heterogeneity in depth, despite a number of challenges related to
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the high noise levels induced by technological and experimental limitations (see
sections 2.2 and 2.3).

With regard to the preprocessing of gene expression data, we presented a thorough
comparative assessment of 19 widely used denoising and imputation methods for
scRNA-seq data (paper P#1). The goal was to deliver quantitative guidelines on
which methods may be more effective and appropriate, for any given dataset type,
sequencing protocol and downstream analysis.

The work related to pipelines for mutational profile generation led to the devel-
opment of a variant calling pipeline from single-cell RNA-seq data (paper P#2).
Specifically, we have shown that genotyping from scRNA-seq reads allows one to
reconstruct the genomic identity of single cells with great accuracy, also leading
to the detection of possible errors in experimental workflows. Therefore, similar
pipelines might allow one to produce both somatic mutation and gene expression
profiles to investigate intra-tumor heterogeneity from the very same data source.

Finally, with the VirMutSig pipeline (paper P#A1), we took advantage of the most
recent advancements in workflow management to define a self-contained pipeline
that allows the user to easily perform the discovery of viral mutational signatures.
Importantly, the pipeline entirely runs in a Docker image, ensuring reproducibility
of the results, along the line of Open Science practices.

2. Methods for omics data analysis and integration
The second important goal of the thesis was to develop and improve methods to
extract information from omics data, which, in our case, are both gene expression
and mutational profiles. The methods must be robust and accurate to produce
new translational knowledge on complex phenomena and diseases. In particular,
we aimed at dissecting the heterogeneity that emerges from the interaction of the
components of multicellular systems, as in cancer and viral evolution.

• Gene expression profiles
The methods developed for the analysis of gene expression profiles first proved
that it is possible to extract knowledge about the metabolic states of a bio-
logical system, by relying on the related transcriptomic data. Leveraging on
our previous works [154], we developed and published a tool for metabolic
reaction enrichment analysis (MaREA) in the Galaxy Project repository, so
to ensure maximum usability and reproducibility, two aspects that often are
neglected.
Furthermore, we exploited state-of-the-art machine learning algorithms to
classify cancer and healthy samples, on the basis of the topological proper-
ties of the underlying metabolic networks (paper P#4). Interestingly, we

https://ec.europa.eu/info/research-and-innovation/strategy/strategy-2020-2024/our-digital-future/open-science_en
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have shown that only 5 topological features, computed via standard network
analyses, are sufficient to classify samples with great accuracy, pointing at
the existence of key generic properties and regularities of real-world systems.
Overall, inter-patient heterogeneity was exploited in a novel way, i.e., by con-
sidering the shape and connections of metabolic networks derived from gene
expression profiles.

• Mutational profiles
The main purpose of the computational strategies for mutational profiles was
that of characterizing the evolution of a biological system. In fact, the evolu-
tionary history of a system explains the progressive generation and alteration
of the heterogeneity that is observed at any given time. In particular, here
we considered two complex systems: cancer and viral evolution.
In LACE (paper P#5), we developed the first method aimed at reconstructing
cancer evolution from longitudinal single-cell sequencing data. The method
improves over state-of-the-art approaches in different in-silico scenarios (e.g.,
with sampling limitations and high noise level), and is more expressive thanks
to the introduction of the longitudinal weighted clonal tree formalism.
Importantly, thanks to the robustness of its algorithmic framework, LACE
allows one to use mutational profiles generated from single-cell RNA-seq data,
allowing for a natural mapping of genotype and phenotype, which is one of
the major results of this thesis in terms of data integration.
From the translational perspective, LACE is the first method that explicitly
allows to evaluate the impact of a therapy from single-cell sequencing lon-
gitudinal data, (e.g., collected before, during, and after therapy administra-
tion), and from different biological sources (e.g., patient-derived organoids,
xenografts, cell cultures, etc.). This aspect is relevant, mostly considering
that longitudinal datasets are expected to be increasingly common in the
near future.
In section 2.1, we explained that viral samples can be analyzed with NGS
technologies to produce deep sequencing data and to retrieve the whole mu-
tational spectrum, instead of being limited to the consensus sequence gener-
ated by classical methods such as Sanger sequencing, and used by the large
majority of phylogenomic/phylodynamic studies.
Accordingly, we designed a new framework, VERSO (paper P#6), which
takes full advantage of such data with two specific purposes. First, VERSO
improves the robustness of the inferred phylogeny in the case of sampling
limitations and noisy observations, as witnessed during the current SARS-
CoV-2 pandemic. Importantly, the underlying statistical frameworks borrows
some key theoretical concepts employed for the inference of cancer evolution,
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proving that a dialogue between usually disconnected fields is effective and
needed.
Moreover, VERSO is the first framework that exploits low-frequency muta-
tions to characterize intra-host heterogeneity and reconstruct likely chains of
infections (validated by contact tracing data), which would not be possible
with consensus sequences. Also, the identification of homoplastic events (i.e.,
emergence of the same mutation in disconnected clades) provides clues on
positively selected variants, and may drive experimental research.
One of the limitation of both inference frameworks, which are based on
Markov chain Monte Carlo sampling, is that the number of variables (i.e.,
mutations) cannot be too large with respect to observations (i.e., samples or
single-cells), because this would preclude to reach the convergence in accept-
able times and avoiding equivalent solutions. Therefore, we lately developed
a new algorithm that exploits the solutions explored durig the MCMC sam-
pling to compute a consensus tree via optimal branching (COB tree), instead
of returning the maximum likelihood solution (section 3.2.1.1). Preliminary
results display an improvement in the inference of the correct ordering among
mutations, deserving further investigations.
In the last part of the work related to this topic, we focused on methods
to characterise mutational processes regarding virus-host interactions (paper
P#7). By applying a statistically robust approach based on Non-Negative
Matrix Factorization, one can decompose the mutational spectra of viral sam-
ples to reconstruct mutational signatures. This strategy allowed us to identify
3 signatures of SARS-CoV-2, as well as to cluster samples into homogeneous
groups, hence dissecting the host-related heterogeneity, which could be related
to the different responses to the disease. Again, we showed how data science is
essential to extract useful information from complex and heterogeneous data.

3. Multiscale modelling and simulation of multicellular systems
During the PhD project, I have shown that it is possible to provide experimental
and translational hypotheses via multiscale modelling and simulations.

We first developed a new multiscale model that combines, for the first time, Flux
Balance Analysis and Cellular Potts Model, to simulate cellular population dynam-
ics, named Flux Balance Cellular Automata (FBCA). The spatial and population
dynamics is driven by the rate of biomass production determined by a metabolic
model and rely on the metabolites available in the surrounding neighborhood.

In paper P#8, the model was introduced, and we demonstrated its utility in repre-
senting complex scenarios and quantifying emergent properties, like space compe-
tition among metabolically heterogeneous cell subpopulations, as well as the effect
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of therapy administration.

In paper P#9, we increased the complexity by introducing the diffusion of nu-
trients in the environment. This new scenario allowed us to assess the emerging
metabolic behaviour, instead of pre-determining it. For example, we could evalu-
ate the emerging metabolic behaviour in terms of distance from nutrient sources.
Importantly, thanks to optimized programming and parallelization, it was pos-
sible to simulate hundreds of cells simultaneously, which represent an important
result in term of code scalability. Further improvements might be achieved by
exploiting High Performance Computing and optimized cell population dynamics
simulation frameworks [151]. The challenge, in this case, lies in the integration of
the constraint-based metabolic model within such population model.

4. Data-driven multiscale modelling
To fill the gap between data and theory, we finally focused on integrating single-cell
RNA-seq data into the multiscale model FBCA. In paper P#10 we showed how
FBCA is an excellent scaffold to integrate gene expression data obtained from real
experiments. In this way, it is possible to characterize the heterogeneity among
cells of a given tissue or of a tumour based on real measurements, and simulate
the emerging behaviour. The final aim is to move from explanatory/descriptive
models towards predictive ones, possibly anticipating the future evolution of the
system/disease and, thus, providing general indications for effective therapies.

This might, in turn, lead to the implementation of control-theoretic strategies for
the definition of optimized therapies. In this respect, we have already investigated
the effectiveness of control theory to determine the best therapeutic strategies
for oncological patients. In appendix P#A2, we report our work describing the
optimization of the therapy administration and schedule of Imatinib in patients
with chronic myeloid leukemia (CML). Accordingly, the FBCA framework could be
used to test different therapeutic strategies to be optimized via control theory, so to
achieve different objectives such as maximization of drug efficacy and minimization
of side effects.

To conclude, we proved that computational strategies are an essential instrument
to make sense of the increasing amount of omics data, as well as to produce realistic
in-silico models of real-world systems and phenomena.

A number of future developments are possible and are mostly related to the con-
tinuous technological advancements in omics data generation. Without the pretence
of being exhaustive, I would like to point at two of the most interesting experimental
breakthroughs: (i) technologies and protocols for the generation of multiple omics data
from the same cell, and (ii) spatial transcriptomics.

In this work we have shown that it is possible and sound to project one omic layer
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onto another, e.g., mapping gene expression onto metabolic profiles, or calling genomic
variants from RNA-seq experiments. This somehow obviates the need for multiple omics
measurements from the same cell, which are however starting to become available.

For istance, it is now possible to couple transcriptomic data with either genomic (e.g.,
G&T-seq [98]), proteomic (e.g., CITE-seq [139]), or epigenomic (e.g., scM&T-seq [111],
scNMT-seq [146]) data from the same single-cell. Moreover, the coupled measurements
of other omics layers was also recently developed, as with the scGET-seq protocol, which
allows to obtain genetic and epigenetic information at the single cell level [255]. Please
refer to [237] for up-to-date reviews on the topic. The investigation of the multicellular
heterogeneity might clearly benefit from the datasets produced with such new protocols.
For instance, inference of clonal structure and evolution could be enhanced considering
also cell epigenetic states. Analogously, noise in the data might be reduced and corrected
by considering the information extracted from different omics layers. To make another
example, the RAS computation described in Section 3.1.1 assumes the gene expression
level are a good proxy for the activity of a given metabolic reaction. This score could be
more consistently estimated if one could also know the abundance of the corresponding
enzyme, thus improving all downstream analyses (paper P#3, paper P#4, and paper
P#10).

The omics technologies presented in this thesis require tissue dissociation to isolate
cells, loosing the tissue morphology and any spatial information. Recent advancements
in spatial molecular profiling technologies have allowed the complete molecular charac-
terization of the cells, while maintaining intact their spatial and morphological context.
Together with imaging data, spatial transcriptomic data provide exceptional possibil-
ities to investigate tissue heterogeneity, spatial cell organization and characterize the
microenvironment [128, 221, 256, 257]

In this regard, the diverse methods currently available for spatial transcriptomics are
expected to generate highly detailed spatial maps of single-cell gene expression. As with
other previous revolutions in systems biology, we need a parallel development of compu-
tational frameworks to integrate such measurements to characterize tissue heterogeneity.
For examples, one might be interested in determining the tissue metabolic response to
diverse inputs, e.g., drugs [131]. In this respect, our FBCA multiscale model, which
already considers the metabolism as key aspect, could benefit from spatial transcrip-
tomic data to obtain both the gene expression and the spatial distribution of single cells.
Such information might be used to to define a realistic microenvironment, as well as the
initial states of the simulation. All in all, this might allow one to fit the model param-
eters to better represent real-world scenarios, so to transform our descriptive modelling
framework into a predictive one. Accordingly, this could be useful to provide prognostic,
diagnostic or therapeutic insights about the complex disease under investigation.
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6.1 Impact
Cancer is one of the primary causes of deaths worldwide. In 2020, 2.3 million women
had been diagnosed with breast cancer and 685 000 deaths were recorded globally, mak-
ing it the world’s most prevalent cancer (source: World Health Organization [261]).
As explained thoroughly in Section 1, the high levels of both inter- and intra-tumor
heterogeneity that are observed in most cancer types frustrate the discovery and ad-
ministration of effective therapies and, accordingly, impact the functioning of the whole
healthcare system. In fact, the former induces the need for a patient-specific treatment
that requires a deep characterization of the current and future state of the given tumor,
whereas the latter underlies the emergence of drug-resistant mechanisms directly coun-
tering the efficacy of any therapy. To tackle this problem, it is essential to understand
the dynamics of the interaction of cancer cell subpopulations among each other and with
the surrounding microenvironment.

As shown in 3.1, a different biological phenomenon in which genetic heterogeneity
plays a key role is the COVID-19 pandemic, which impacted our society on various
levels, causing healthcare, economical and sociological emergencies. Both national and
international institutions have not been fully able to contrast the spread of the virus, first
due to the complex dynamics of geotemporal diffusion and, second, to the emergence of
new viral variants, which affected the efficacy of vaccines and the severity of the disease
[260].

The continuous advancements of biotechnology and of information and communica-
tion technology, together with the ever increasing amount of biological data generated
and made available to the scientific community, has provided new tools to investigate
the heterogeneity of complex biological systems.

This work, in particular, has showed that computer and data science are essential
to make sense of the great wealth of omics data, so to deliver reliable explanations and
predictions of any complex biological system and phenomenon, which will expectedly
impact the current and future practices in many different fields. Such impact will be
favoured also thanks to the high standards of reproducibility and diffusion, and to the
adherence to the open science guidelines.

All the computational methods and pipeline described in Chapter 3 can be further
improved to include more sophisticated assumptions, or extended to handle new data
types, so to be used as a starting point for future research with diagnostic, prognostic
and therapeutic aims. Furthermore, all proposed approaches may be translated to the
study of distinct complex systems with similar properties in different research fields, in
a sort of methodological exaptation.

Overall all, computer science is becoming more and more integrated with life sci-
ences. New relevant biological discoveries probably will undoubtedly require effective
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and scalable computational workflows to be accomplished. I believe that the outcome
of the thesis provides an important part to this end.
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SUMMARY

We describe the procedures to perform the following: (1) the de novo discovery
of mutational signatures from raw sequencing data of viral samples and (2) the
association of existing viral mutational signatures to the samples of a given data-
set. The goal is to identify and characterize the nucleotide substitution patterns
related to the mutational processes that underlie the origination of variants in
viral genomes. The VirMutSig protocol is available at this link: https://github.
com/BIMIB-DISCo/VirMutSig.
For complete information on the theoretical aspects of this protocol, please refer
to Graudenzi et al. (2021).

BEFORE YOU BEGIN

Problem description

The VirMutSig protocol aims at identifying mutational signatures from raw sequencing data of viral

samples, as originally proposed in the context of cancer evolution in (Alexandrov et al., 2013) and in

the analysis of SARS-CoV-2 in (Graudenzi et al., 2021). Mutational signatures represent the decom-

position of the categorical distribution of nucleotide substitutions that are observed in the samples

of a given dataset, and which might be due to distinct mutational processes. Such processes could

be endogenous (e.g., APOBEC deaminase activity causes mainly C to T substitutions) or exogenous

(e.g., tobacco smoke causes mainly C to A substitutions).

We formulated the problem of de novo signature discovery and assignment as a Non-negative Ma-

trix Factorization (NMF) problem (Lal et al., 2021; Graudenzi et al., 2021).

In brief, the counts of nucleotide substitutions observed in all viral samples of a given dataset, after

preprocessing and variant calling, result in an input data matrix D, composed by n samples (rows) X

m nucleotide substitution categories (e.g., the C to T category will include the count of all variants

with such substitution in any given sample) (columns).

Formally, D is factorized in the following matrices:

STAR Protocols 2, 100911, December 17, 2021 ª 2021 The Author(s).
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Signature matrix (B): this matrix specifies the composition of every detected signature in terms of the

selected substitution categories.

Exposure matrix (A): it represents the coefficients of the linear combination of signatures present

in a sample. This matrix evaluates the activity of the various signatures in each sample of the

dataset.

As we are dealing with noisy data, we propose a stochastic optimization performed via a Monte

Carlo Markov Chain (MCMC) to find the best A and B matrices such that AxB � D (see the graph-

ical abstract). The method computes A and B for a number of signatures in a user-defined range

(e.g., from 2 to 10) and allows one to select the optimal number by assessing different metrics (see

below).

Specifically, we release two R scripts named respectively: denovo.R and assignment.R.

1. denovo.R allows one to perform the inference of both A and B. In particular:

a. B is randomly initialized.

b. A is inferred given B via non-negative least squares (NNLS).

c. B is then inferred given A via NNLS.

Tasks ‘‘b’’ and ‘‘c’’ are repeated until convergence. The whole procedure is repeated from task

‘‘a’’ for a sufficient number of times (e.g., at least 100), by testing the rank of B (i.e., the number

of signatures) within a user specified range.

The output of this procedure is:

B, obtained as the consensus from all the proposed matrices; plots regarding different metrics, so to

estimate the optimal number of signatures present in the dataset (see below).

2. The assignment.R script employs as input a B matrix that could be provided by the user or ob-

tained with the script denovo.R. Then, it infers A similarly as done in the task ‘‘b’’ of the denovo.R

script (see above).

Finally, a bootstrap procedure is performed to assess the statistical significance of the signature ac-

tivities. To do this, we consider each sample as a categorical distribution over the given contexts,

and we extract, with resampling, from such distributions the same number of mutations as observed

in the sample. Then, given the bootstrapped dataset, we fit again A.

We repeat this process multiple times (e.g., 100) to obtain a distribution for each entry of A.

So, a p-value of the significance of the activity of each signature in a given sample can be

returned.

Overall structure of the VirMutSig protocol

The protocol is subdivided into 4 distinct parts:

Part 1) INSTALLATION

Part 2) DATA PREPROCESSING PIPELINE (via Nextflow)

Part 3) DE NOVO DISCOVERY OF MUTATIONAL SIGNATURES (denovo.R)

Part 4) ASSIGNMENT OF EXISTING MUTATIONAL SIGNATURES (assignment.R)

The protocol is publicly available at this link: https://github.com/BIMIB-DISCo/VirMutSig.
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KEY RESOURCES TABLE

MATERIALS AND EQUIPMENT

Computational requirements

To execute the VirMutSig protocol, the user requires a computer with the following software

specifications:

Software

� Unix/OS operating system (for details on the usage of the protocol onWindowsOS, please refer to

the troubleshooting problem 5).

� Nextflow (version = 21) (https://www.nextflow.io/)

� Docker (version = 20) (https://www.docker.com/get-started)

� R (version = 4) with the installed packages listed below (https://www.r-project.org)

� The Docker image of VirMutSig (https://hub.docker.com/r/dcblab/virmutsig_img)

� A working internet connection (for installation only).

All the other required tools and libraries will already be installed in the provided Docker image.

Reagent or RESOURCE Source Identifier

Deposited data

Public database analyzed [example]: RNA-seq NCBI [example] PRJNA610428 (https://www.ncbi.nlm.nih.gov/
bioproject/?term=PRJNA610428)

Public database analyzed [example]: Amplicon NCBI [example] PRJNA645906 (https://www.ncbi.nlm.nih.gov/
bioproject/?term=PRJNA645906)

Software and algorithms

VirMutSig Graudenzi et al. (2021) https://github.com/BIMIB-DISCo/VirMutSig

Unix/MacOS operating system Canonical Ltd.
Apple Inc.

Ubuntu 20.04 Focal macOS 10.15 Catalina

Docker Merkel, (2014). https://www.docker.com/get-started (v. 20)

Docker Image Docker Hub dcblab/virmutsig_img:latest (https://hub.docker.com/r/
dcblab/virmutsig_img)

Nextflow Di Tommaso et al. (2017) https://www.nextflow.io/ (v. 21)

R The R Foundation https://www.r-project.org (v. 4)

Software and R packages

Part Package Version

1–2) INSTALLATION and DATA PREPROCESSING PIPELINE Nextflow (Di Tommaso et al., 2017) version = 21

Docker (Merkel 2014)
Docker image: dcblab/virmutsig_img

version = 20.10.8
version = latest

R version = 4.0.1

3) DE NOVODISCOVERY OFMUTATIONAL SIGNATURES (denovo.R) BiocManager (Morgan 2021)
Biobase (Huber et al., 2015)

version = 1.30.16
version = 2.46

data.table (Dowle and Srinivasan, 2021) version = 1.14.0

ggplot2 (Wickham 2016) version = 3.3.5

gridExtra (Auguie 2017) version = 2.3

NMF (Gaujoux and Seoighe, 2020) version = 0.23.0

nnls (Mullen and van Stokkum, 2012) version = 1.4

Optparse (Davis, 2020) version = 1.6.6

Stringi (Gagolewski 2021) version = 1.7.4

Yaml (Stephens, 2020) version = 2.2.1

(Continued on next page)
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Hardware

� Parts 1–2

The resources required for processing a single sample are limited, but we suggest running Part 2 in

parallel, if possible. Memory: 8Gb required, processors: 1 required, 8 recommended.

� Parts 3–4

Memory: 4GB required, processors: 1 required, 4 recommended.

Input data

The VirMutSig protocol requires as input either: (i) RNA-seq, or (ii) Amplicon Illumina raw data,

generated from sequencing experiments of viral samples (obtained, e.g., from primary isolates),

and typically available as FASTQ files.

Generally, one will have a FASTQ file for each sample of the dataset.

Notice that the protocol works with both (i) single- and (ii) paired-end sequencing library preparation

layout.

FASTQ files

FASTQ files can be collected in different ways.

If one is interested in the analysis of public datasets, e.g., those available on NCBI SRA database

(https://www.ncbi.nlm.nih.gov/sra), one can create a file with a list of SRR accession number (one

per line) to use as input data.

The VirMutSig will automatically download the proper FASTQ files; see Part 2.

Instead, if one has produced her/his own FASTQ files, or if they are available in other databases, one

must aggregate them in one directory and specify its path as input; see Part 2.

Reference genome file

A reference genome is required to perform variant calling. In (Ramazzotti et al., 2021) we proposed

the SARS-CoV-2-ANC as reference genome. Such genome is already available in the VirMutSig

GitHub repository and is used as default.

However, any viral genome can be used as reference. To do so, the chosen genome must be pro-

vided as a FASTA file; see Part 2.

Continued

Software and R packages

Part Package Version

4) ASSIGNMENT OF EXISTING MUTATIONAL SIGNATURES
(assignment.R)

All the above denovo packages

Glmnet (Friedman et al., 2010) version = 4.1–2

Lsa (Wild, 2020) version = 0.73.2

Matrix (Bates and Maechler, 2021) version = 1.3.4
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STEP-BY-STEP METHOD DETAILS

Part 1. Installation

Timing: 15 min

1. Downloading VirMutSig

The installation of VirMutSig is done by downloading the GitHub repository in a local directory,

which includes the VirMutSig scripts and the example files.

After the installation, a new folder named VirMutSig will be generated.

Please install VirMutSig by moving to your local directory and using GitHub with the following

command in the terminal:

VirMutSig includes 4 directories with the following names:

a. ‘‘preprocessing’’

This directory contains all the files and directories required to perform Part 2, such as:

i. SRR_to_SNVlist.nf: the Nextflow pipeline file

ii. nextflow.config: the config file with the preprocessing settings and parameters

iii. reference: a directory with the SARS-CoV-2-ANC reference file

iv. bin: a directory with an R script used to create the SNVs list for Parts 3–4.

b. ‘‘denovo’’

This directory contains the corresponding R script to perform the de novo discovery of muta-

tional signatures (Part 3). The files included are:

i. denovo.R

This script performs the discovery of viral mutational signatures from the list of selected

SNVs taken as input, by employing a NMF approach described in the above section or

in (Lal et al., 2021). The user must also specify the number of contexts, i.e., the flanking ba-

ses to the genome positions. Theymay either be 6 or 96, please refer to (Lal et al., 2021) for

further details.

ii. denovo_config.yaml

This file contains the parameters explained above. It could be modified using any

text editor.

iii. denovo_utils.R

This R file contains some functions used by the main denovo.R scripts.

Note: please do not modify this file.

c. ‘‘assignment’’

This directory contains the corresponding R script to perform the assignment of the activity of

mutational signatures to each sample (Part 4). The files included are:

i. assignment.R

This script takes as input the signatures.txt file generated by the denovo.R script or pro-

vided by the user, and the list of SNVs to perform the assignment of the signatures to

each sample. Bootstrap can be employed to assess the statistical confidence of the signa-

ture assignments.

ii. assignment_config.yaml

This file contains the parameters explained above. It could be modified using any

text editor.

iii. assignment_utils.R

This R file contains some functions used by the main assignment.R scripts.

>git clone https://github.com/BIMIB-DISCo/VirMutSig.git
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Note: please do not modify this file.

d. ‘‘example’’

This directory includes an example of the VirMutSig analysis performed on 150 FASTQ files

obtained from samples of SARS-CoV-2 via RNA sequencing experiments.

2. Download docker image

The preprocessing pipeline executes all the steps using a Docker image in which all the requested

software is already installed to avoid compatibility issues.

Docker can be obtained following the instruction at this link: (https://www.docker.com/get-started).

Once the installation is completed, please get the protocol image called ‘dcblab/virmutsig_img’ by

digiting the following command in a terminal:

3. Verify docker image installation

To test if the image is correctly installed in your system, please execute the following code:

which should display the following lines:

Note: in this case, it is possible to proceed to the next steps.

Part 2. Data preprocessing pipeline

Timing: 10 min download + 70 min pipeline execution for each sample (can be parallelized)

The data preprocessing pipeline included in the VirMutSig protocol is provided as a Nextflow pipe-

line file, named ‘‘SRR_to_SNVlist.nf’’ and included in the ‘‘preprocessing’’ folder of the GitHub re-

pository: https://github.com/BIMIB-DISCo/VirMutSig.

The folder also includes a file named: ‘‘nextflow.config’’, which must be opportunely modified ac-

cording to the specific experimental settings (see below for the parameter description).

The preprocessing pipeline includes the following processes (detailed in the following): data acqui-

sition, trimming, alignment, remove duplicated reads (optional), get depth information, variant call-

ing, and variant filtering.

As output, the preprocessing pipeline returns a file named: ‘‘SNV_list.txt’’ in which:

>docker pull dcblab/virmutsig_img:latest

>docker image ls

REPOSITORY TAG IMAGE ID CREATED SIZE

dcblab/virmutsig_img latest 223f27c12b45 4 hours ago 1.56GB
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rows correspond to all the single nucleotide variants (SNVs) detected in all the samples of the

dataset

columns correspond to: sample ID, variant ID, genome position, reference allele, alternative allele,

reference three nucleotides (flanking bases), supporting reads, coverage, variant frequency (VF),

and p-value (returned by the variant caller).

To run the preprocessing processes of the protocol, simply move to the ‘‘preprocessing’’ folder and

execute the following command from the terminal:

In the following, we describe the preprocessing processes and the related settings in detail.

4. Data acquisition

From now on, we will consider ’preprocessing’ as a working directory from the one specified dur-

ing the installation: ‘user_local_directory/VirMutSig/preprocessing’

Input data can be either (i) downloaded from public repositories, or (ii) provided from local

folders, if available.

a. Input data acquisition from public repositories

Input data can be downloaded from public repositories such as, e.g., the NCBI Sequence

Read Archive (SRA) (https://www.ncbi.nlm.nih.gov/sra). In this case, one can use the SRA

Run Selector web interface (https://www.ncbi.nlm.nih.gov/Traces/study/) to search for a data-

set and download the ‘‘Accession List’’ by using the related button. The obtained list of SRR

IDs (one per line) can be passed as input to download the files via SRA-toolkit, by editing

the following parameter of the ‘‘nextflow.config’’:

Also in this case, the library preparation layout (single-end or paired-end) must be specified by

editing the following parameter in ‘‘nextflow.config’’ file:

By default, the downloaded FASTQ files will be stored in the following path: ’/intermediate/

FASTQ’ (relative to SRR_to_SNVlist.nf file). It possible to change the directory by editing the

following parameter in in ‘‘nextflow.config’’ file:

b. Input data from local folders

In this case, the user must indicate the directory where the FASTQ files are located, editing the

following parameter of the ‘‘nextflow.config’’:

The library preparation layout (single-end or paired-end) must be specified by editing the following

parameter in ‘‘nextflow.config’’ file:

>nextflow run SRR_to_SNVlist.nf

params.FASTQ_input = ’../example/SRAlist_paired.txt’

params.library_preparation = ‘paired’ // or ‘single’

params.FASTQdir = ’intermediate/FASTQ’

params.FASTQ_input = ’/Path/To/Directory/’

params.library_preparation = ‘paired’ // or ‘single’
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Notice that with the ‘‘paired’’ configuration two FASTQ files are expected for each sample,

formatted as (sampleID_1.fastq.gz and sampleID_2.fastq.gz).

Conversely, with the ‘‘single’’ configuration one sampleID.fastq.gz file is expected for each sample.

5. Trimming

This step aims at removing from the sequence the nucleotides with low sequencing quality. To

perform this step, the Nextflow pipeline exploits the tool Trimmomatic (http://www.usadellab.

org/cms/?page=trimmomatic).

To tune the additional parameters used by Trimmomatic please edit the following parameter in

‘‘nextflow.config’’ file:

In brief, LEADING and TRAILING parameters cut the bases that display a quality below a certain

threshold, respectively at the start and the end of a read (20).

The SLIDINGWINDOWparameter sets the size of a sliding window (4 in our example) and deletes all

the bases from the leftmost position of the window to the end of the read, when the average quality

detected in the window drops below a given threshold (e.g., 20).

Finally, the MINLEN parameter specifies the minimum length of a read to be kept (40 bases in our

example). Please, refer to the Trimmomatic documentation for more details.

6. Alignment

Reads need to be aligned to a reference genome, which can be selected by the user, e.g.,

a. SARS-CoV-2-ANC (Ramazzotti et al., 2021),

b. EPI_ISL_405839 / GeneBank ID: MN975262.1 (https://www.ncbi.nlm.nih.gov/nuccore/

MN975262.1) (Bastola et al., 2020),

c. EPI_ISL_402125 / NCBI ID: NC_045512.2 (https://www.ncbi.nlm.nih.gov/nuccore/

1798174254) (Andersen et al., 2020).

In the subfolder ‘‘preprocessing/reference’’ of the GitHub repository, we provide the SARS-CoV-2-

ANC genome in FASTA format.

The user can specify the reference genome file by editing following parameter in

‘‘nextflow.config’’ file:

The alignment is performed with BWA-MEM (https://github.com/lh3/bwa), which generates a SAM

file including the aligned reads. All the associated files used by the BWA aligner will be automatically

generated and placed in the same reference genome folder.

Each SAM file will be sorted and compressed into a BAM file with Samtools (http://www.htslib.org/).

By default, the BAM files will be stored in the following path: ’/intermediate/BAM’ (relative to

SRR_to_SNVlist.nf file). It is possible to change the directory by editing the following parameter in

in ‘‘nextflow.config’’ file:

params.trimmomatic_setting = ’LEADING:20 TRAILING:20

SLIDINGWINDOW:4:20 MINLEN:40’

params.fasta = ’reference/SARS-CoV-2-ANC.fasta’
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7. Remove duplicated reads (optional)

Often, after obtaining an aligned BAM file, is useful to mark and remove duplicated reads to reduce

the impact of the amplification bias, especially with RNA-seq experiments. Otherwise, when dealing

with Amplicon data, several duplicated reads are expected and should not be removed. For this

reason, we made this step optional.

To include or skip this step in the preprocessing pipeline, please set accordingly the following

parameter in ‘‘nextflow.config’’ file:

Note: the tool used to perform this task is Picard (https://broadinstitute.github.io/picard/).

8. Get depth information

The aim of this step is to obtain the depth information for each sample in every genome position

(i.e., number of reads mapped on each position of the viral genome).

To perform this task, we used Samtools.

By default, the coverage files will be stored in the following path: ’/intermediate/COVERAGE’ (rela-

tive to SRR_to_SNVlist.nf file). It is possible to change the directory by editing the following param-

eter in in ‘‘nextflow.config’’ file:

9. Variant calling

Variants can be called comparing the aligned reads with the reference genome. To do so, we used

Samtools (http://www.htslib.org/) and VarScan (http://varscan.sourceforge.net/). More in detail, we

used the mpileup command included in Samtools which converts the BAM file into the pileup format

required by VarScan.

Then we used the VarScan pileup2snp for variant calling to produce a VCF file for each BAM file. The

VarScan setting can be adjusted by editing the following parameter included in ‘‘nextflow.config’’

file.

Note: For more information, please refer to the VarScan documentation.

By default, the VCF files will be stored in the following path: ’/intermediate/VCF’ (relative to

SRR_to_SNVlist.nf file). It is possible to change the directory by editing the following parameter in

in ‘‘nextflow.config’’ file:

Note: We suggest performing the alignment step according to the manufacturer’s recom-

mendations for all sequencing technologies.

params.BAMdir = ’intermediate/BAM’

params.remove_duplicates = ‘‘true’’ // or ‘‘false’’

params.COVERAGEdir = ’intermediate/COVERAGE’

params.varscan = ’–min-var-freq 0.01 –p-value 1’

params.VCFdir = ’intermediate/VCF’
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CRITICAL: All the above steps can be performed also by applying different pipelines for

variant calling, such as the one proposed in [https://github.com/andersen-lab/ivar],

which was specifically designed for handling viral amplicon data obtained via the artic

protocol.

10. Variant filtering

a. In order to reduce the impact of noise in the data (due, e.g., to sequencing issues), we adop-

ted multiple quality control (QC) filters to select only the reliable SNVs. The last step of the

preprocessing pipeline applies different filtering criteria on the detected SNVs. The

following parameters determine the filtering threshold, and they can be set by changing

the corresponding numeric value included into a string assigned to VirMutSig_QCfilter

parameter present in the ‘‘nextflow.config’’ file.

i. p-value on variant calling significance (PV_THR). The filter removes all the variants called

with a significance p-value larger than a given threshold (default = 0.01).

ii. Frequency threshold (VAR_FREQ_THR). The filter keeps only variants observed in the

data with a variant frequency that exceed the specified threshold (default = 0.05).

iii. Minimum coverage (MIN_COV). The filter keeps only variants with the specified minimum

coverage (default = 20).

iv. Minimum alternative read count (ALT_READ_THR). The filter keeps only variants with a

minimum number of reads showing the alternative allele equal to the given threshold.

(default = 3)

Note: Indels are not considered in the analysis.

b. By default, the SNV_list.txt file will be stored in the ’example’ directory. It is possible to

change the directory by editing the following parameter in in ‘‘nextflow.config’’ file:

This step uses a R script included in the ‘‘preprocessing/bin’’ directory of the GitHub repos-

itory named makeSNVlist.R. It takes as input different arguments with the following fixed

order:

i. A string with the path of the directory containing the VCF files generated by the variant

caller.

ii. A string with the path of the directory containing the depth files generated by step 8. Such

files must end with ’.depth.txt’.

iii. Reference file in fasta format. (e.g., SARS-CoV-2-ANC.fasta)

Note: If another pipeline has been used to perform variant calling, the R script can be used to

aggregate the vcf files into a SNV list. Instead, if VirMutSig preprocessing steps have been

used, the script is automatically executed via Nextflow.

CRITICAL: Parameters must be set according to the specific features of the datasets (see,

e.g., the guidelines proposed on the website: https://virological.org/).

11. Further information

The Trimming and Alignment step require greater computational resources than the other pro-

cesses. For this reason, it is possible to specify the maximum number of cores to be used, by chang-

ing the cpus value in the following setting of the ‘‘nextflow.config’’ file:

params.SNV_filters = ’PV_THR:0.01 VAR_FREQ_THR:0.05 MIN_COV:20 ALT_READ_THR:3’

params.SNVlistdir = ’../example
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An increase of the cpus number assigned to the processes reduces the computational time required

to trim and align the reads, but it also reduces the number of samples that can be analyzed in par-

allel. For these reasons, one should select a proper value based on the available computational re-

sources and number of samples.

All parameters (‘‘params.’’) can be specified by overriding when the pipeline is launched. To do so,

please specify the corresponding parameter name (the string following ‘‘params.’’) and specify the

opportune argument of the Nextflow command.

In the example, the SRR list file path and the output directory path of the SNVs list file will be spec-

ified without editing the ‘‘nextflow.config’’ file.

For a summary of the settings and processes executed with the example configuration please see

Figure 1.

Part 3. De novo discovery of mutational signatures (denovo.R)

Timing: �20 min (approximate time required to perform the step on a dataset with �100

samples and �10,000 mutations, with a significant variability related to the signature rank

range)

12. Input files and setup

The denovo.R script requires two input files to be executed.

a. List of selected SNVs [SNV_list.txt]

This file is generated following the preprocessing step. It is a semicolon-separated file with a

SNV for each line. It includes (at least) the following column headers:

i. SampleId: The ID of the sample.

ii. Position: The genome position.

iii. Reference: the reference allele (A, T, C, G).

iv. Alternative: the alternative allele (A, T, C, G).

v. VariantCount: the number of the reads including the alternative allele.

vi. TotalCount: the total number of reads covering the genome position.

For the 96-contexts analysis (see below) the following column is also required:

vii. ReferenceTrinucleotide: the triplet with the reference bases before and after the variant

position (e.g., ATC where T is the reference).

Please see the file SNV_list.txt contained in the ‘‘/example’’ directory for an example of

input formatting (see Table 1).

b. Configuration file [denovo_config.yaml]

process {

withName: ’Trimming_single’ {cpus = 4}

withName: ’Trimming_paired’ {cpus = 4}

withName: ’Alignment_and_sorting_single’ {cpus = 8}

withName: ’Alignment_and_sorting_paired’ {cpus = 8}

}

>nextflow run SRR_to_SNVlist.nf \

–FASTQ_input ‘SRRfile/custom/path’ \

–SNVlistdir ‘SNVlist/output/path’
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The parameters to run denovo.R are set in a text file called as default ‘denovo_config.yaml’. The

file must contain a parameter in each line formatted as:

The parameters that can be modified are the following:

[variant selection]

i. CLONAL_SNV_THR: Double [0,1]. default = 0.9.

This parameter defines the variant frequency threshold that determines whether a given

variant is clonal.

ii. MINOR_SNV_SEL: String {‘always’, ‘all’}. default = ‘always’.

To reduce the bias induced by mutations transmitted and inherited in the population

during the epidemic spread, for the signature analysis we select and employ only the

SNVs that are never observed with a frequency higher than CLONAL_SNV_THR in any

sample. The selected SNVs are defined as ‘always minor’. This parameter together

with the parameter CLONAL_SNV_THR are critical as they determine the variants that

are selected for the signatures analysis; the default parameters that we suggest here

(i.e., CLONAL_SNV_THR = 0.90 andMINOR_SNV_SEL ="always") are very conservative

and they should be determined based on the aim of the study. For further details, please

refer to (Ramazzotti et al., 2021).

iii. MAX_SNV_SAMPLE: Integer [1, Inf]. default = 100.

Figure 1. Summary of the settings and processes executed with the example configuration

We analyzed 150 samples with a paired-end library layout, downloaded from the SRA database. The related processes

are automatically executed via Nextflow.

Table 1. First 5 lines of the SNV_list.txt file imported in Rstudio

SampleID VariantID Position Reference Alternative Reference Trinucleotide VariantCount TotalCount Variant frequency Pvalue

SRR12661198 9996_C_T 9996 C T TCA 494 5720 0.0864 2.85E-144

SRR12661096 9965_C_T 9965 C T TCT 68 1263 0.0538 4.82E-20

SRR12833654 9960_G_T 9960 G T TGT 49 641 0.0764 6.85E-16

SRR12661080 995_C_T 995 C T ACG 165 2618 0.063 5.54E-48

SRR12661132 9945_G_T 9945 G T AGA 41 389 0.1054 1.50E-13

PARAMETER NAMES: value
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In order to reduce the impact of highly mutated samples, likely due to degradation of

their biological isolation, we suggest removing the samples exhibiting more than a

user selected number of variants.

iv. MIN_SNV_SAMPLE: Integer [1, Inf]. default = 6.

To assess the existence of statistically significant mutational signatures, we remove all

the samples with number of detected SNVs lower than this value.

[analysis parameters]

v. NUM_CONTEXTS: Integer {6, 96}. default = 6.

This parameter specifies the number of different nucleotide substitution types (based on

the flanking bases) that are considered.

6 indicates that no flanking bases are considered. In this case, the possible substitution types

are: C>A (or G>T), C>G (or G>C), C>T (or G>A), T>A (or A>T), T>C (or A>G), T>G (or A>C).

96 indicates that the two flankingbases are considered. In this case, the possible substitution

types include, e.g.,: ACA>AAA (or AGA>ATA), ACG>AAG (or AGG>ATG), ATA>ACA (or

AAA>AGA), etc. For further details, please refer to (Lal et al., 2021).

vi. MIN_NUM_SIG: Integer [1, NUM_CONTEXTS]. default = 1.

This parameter sets the lower bound of the range for the number of distinct signatures to

be searched.

vii. MAX_NUM_SIG: Integer [MIN_NUM_SIG, NUM_CONTEXTS]. default = 6

This parameter sets the upper bound of the range for the number of distinct signatures

to be searched.

viii. NMF_ITER: Integer [1, inf]. default = 100.

This parameter sets the number of Negative Matrix Factorization iterations performed

during the inference of A and B matrices

ix. SEED: Integer [0, Inf]. default = 0 (with 0 the seed will be randomly set).

This parameter initializes the random number generator. It is used to obtain reproduc-

ible results by keeping the same SEED.

x. N_CORE: Integer [0, Inf]. default = 0 (with 0 the number of cores available will automat-

ically be detected).

This parameter indicates the maximum number of computational units (cpus) available

for the inference.

CRITICAL: MAX_NUM_SIG andMIN_SNV_SAMPLE must be set accordingly with the NUM_-

CONTEXTS parameter. To obtain robust results, we suggest setting the former equal to half

the number of contexts (i.e., 3 or 48) and the latter larger than the number of contexts.

13. Run denovo.R

a. denovo.R can be run with the following command:

The script will generate in the output directory (specified by the user) the following three

subdirectories:

i. ‘‘Signatures’’:

This directory will contain a file for each number of searched signatures named

‘x_signatures.txt’. Each file will be formatted as a table with the context as header and

a row for each signature.

>Rscript denovo.R \

–SNV_list path/to/SNV_list.txt \

–config_file path/to/denovo_config.txt \

–output_dir path/to/output/dir
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ii. ‘‘Graphical’’:

This directory will contain the graphical representation of each signature set found in the

data.

iii. ‘‘Rank’’:

This directory will contain a set of files to determine the optimal number of signatures.

b. Unfortunately, no automated procedures are available to find the correct number of signa-

tures, so we here provide a set of metrics to determine it. The denovo.R script provides

four metrics as output and the relative plots:

i. explained variance (Hutchins et al., 2008)

ii. cophenetic coefficient (Brunet et al., 2004),

iii. dispersion coefficient (Kim and Park, 2007),

iv. silhouette consensus coefficient.

The four metrics are shown in Figure 2 and Table 2.

The first one measures how good is the fit of each given number of signatures, considering the

observed mutational profiles. This metric is useful to estimate when the number of signatures is

too high (i.e., overfitting). To this end, we suggest choosing the optimal number of signatures based

on the bend rule that selects the number of signatures corresponding to the elbow in the explained

variant plot (see the example in Figure 2A).

Often there is uncertainty to select a unique elbow point on the plot, so the latter three

metrics can be used as additional evaluation of the optimal rank. Roughly, they provide a

measure of stability of the NMF solutions over multiple runs (NMF_ITER parameter). These

coefficients range from 0 to 1 and higher values indicate higher consistency among NMF

solutions.

Figure 2. Metrics to evaluate the best number of signatures

(A) shows the explained variance at different ranks; in this case we observed a bend at 3.

(B–D) show stability-based coefficients which report the consistency of NMF solutions across multiple iterations.
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Considering all the above, our suggestion is to select one or few elbow points and among them

select the one corresponding to higher cophenetic, dispersion, or silhouette coefficient. If still there

is ambiguity it is reasonable to take the lower one.

Considering the example, and the metrics shown in Figure 2, we conservatively selected 3 as the

optimal number of signatures, as at this rank we have a first bend in the explained variance and

high values of the other metrics.

Note: Please get from the ‘Signatures’ directory the corresponding file that should be then

used in the following assignment step.

Note: Each signature file contains a different number of signatures (identified with SIG_NUM)

found in the data. In the ‘graphical’ directory, denovo.R generates pdf files with the same

name as the corresponding signatures set. Those files contain a plot of the categorical

distributions.

Part 4. Assignment of existing mutational signatures (assignment.R)

Timing: 15 min (approximate time required to perform the step on a dataset with �100

samples and �10,000 mutations, with significant variability related to bootstrap iterations)

14. Input files and setup

The assignment.R script requires three input files to be executed.

a. List of selected SNVs [SNV_list.txt]

This file is the same used in Part 3, please see above.

b. Signatures file [x_signatures.txt]

This file contains for each signature the frequency of substitutions. Their values are grouped

by context and normalized up to 1. The file must be formatted as a table with the context as

header and a row for each signature.

The header must be formatted as: G>T:C>A;G>C:C>G;G>A:C>T;A>T:T>A;A>G:

T>C;A>C:T>G.

Notice that, for instance, variants fromG to T and C to A are aggregated together in the cases

of 6-context. For further details, especially for the 96-contexts representation, please refer to

(Alexandrov et al., 2013).

This file can be generated via Part 3 or can be directly passed by the user.

c. Configuration file [assignment_config.yaml]

The parameters to run assignment.R are set in a text file called as default ‘assignment_con-

fig.txt’. The file must contain a parameter in each line formatted as PARAMETER_NAMES:

value

The parameters that can be modified are the following:

[variant selection]

i. CLONAL_SNV_THR: Double [0,1]. default = 0.9. This parameter defines whether a given

SNV is considered as clonal (default = 0.9).

Table 2. Metric coefficients for each different signature rank searched via denovo.R script

Rank Cophenetic coefficient Dispersion coefficient Silhouette consensus Explained variance

1 NA 1 NA 0.85

2 1 0.96 0.82 0.92

3 0.93 0.78 0.63 0.97

4 1 0.99 0.66 0.99

5 0.91 0.85 0.16 0.99

6 0.94 0.92 NA 1
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ii. MINOR_SNV_SEL: String {‘always’, ‘all’}. default = ‘always’. To reduce the bias induced

by the mutation transmitted and inherited among the population during the epidemic

spread we select for the signature analysis only SNVs never observed with a frequency

higher than CLONAL_SNV_THR in any sample. The remaining SNVs are defined as

‘always minor’. For further details, please refer to (Graudenzi et al., 2021).

iii. MAX_SNV_SAMPLE: Integer [1, Inf]. default = 100. In order to reduce the impact of

highly mutated samples likely due to degradation of their biological isolation. We sug-

gest removing the samples exhibiting more than a user selected number of variants.

iv. MIN_SNV_SAMPLE: Integer [1, Inf]. default = 6. In order to assess the existence of sta-

tistically significant mutational signatures we have to remove all the samples with less

than a given number of detected SNVs.

[analysis parameters]

v. BOOTSTRAP: String {‘yes’, ‘no’}. default = ‘yes’.

vi. GOODNESS_FIT_THR: Double [0.5,1]. default = 0.95. This threshold indicates the min-

imum level of goodness of fit until when keep adding signatures (among the signatur-

es.txt file) to the fit, in a given sample. The goodness of fit is measured with the cosine

similarity between observed and predicted counts in each sample.

vii. MIN_SIG_FREQ: Double [0,1]. default = 0.05. Each signature is considered to be

present in a given sample if its activity (alpha value) is greater than the value of this

parameter.

viii. P_VALUE: threshold to be used when assessing significance of the exposure of samples

to signatures. To this extent, Mann–Whitney U test is performed whose results are eval-

uated with the given P_VALUE threshold. default = 0.05

ix. NUM_ITER: Integer [1, Inf]. default = 100

x. SEED: Integer [0, Inf]. default = 0 (with 0 the seed will be set randomly)

xi. N_CORE: Integer [0, Inf]. default = 0 (with 0 the number of core available will automat-

ically detected)

CRITICAL: We suggest setting the parameters in accordance with the number of contexts.

Similar to Part 3 MIN_SNV_SAMPLE should be larger than the number of contexts to pro-

vide reasonable results.

15. Run assignment.R

assignment.R can be run by the following command:

The script will generate a table in a text file specified by the user (default: assignment_result.txt). This

table will have a row for each selected sample and one column for each signature, called ‘‘Sn_expo-

sure’’. This column reports the alpha values of each signature found in each sample (i.e., a numeric

value measuring the level of activity of the signature in that sample).

If the bootstrap procedure is performed, another column for each signature is added into file. This

column, called ‘Sn_pvalue’, shows the p-value of significance of observing each signature in a given

sample obtained with the harmonic mean of the one-sided (greater) Mann–Whitney U-test.

>Rscript assignment.R \

–SNV_list path_to_SNV_list.txt \

–signature path_to_signature_x.txt \

–config_file path_to_assignment_config.txt \

–output_file path_to_output_file
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EXPECTED OUTCOMES

denovo.R

This step provides as output:

The signature matrix (B) for each considered number of signatures and the corresponding graphical

visualization (see Figure 3). These files are stored into the ‘‘signatures’’ directory.

The metrics to estimate the optimal number of signatures in a text file (‘‘metric_coefficients.txt’’) and

the corresponding plots (see Figure 2 and Table 2). These files are stored into the ‘‘rank’’ directory.

Among them the user should select the optimal solution (‘‘signatures/files/x_signatures.txt’’) and use

it as input for the following step.

assignment.R

This step returns a matrix of the activity of each signature assigned to each sample, saved as a text

file (‘‘assignment_result.txt’’). See Table 3.

QUANTIFICATION AND STATISTICAL ANALYSIS

The produced signature-assignment matrix (‘‘assignment_result.txt’’) can be used as input in down-

stream analyses.

For example, as shown in (Graudenzi et al., 2021), the following tasks can be performed:

Figure 3. Output of the denovo.R script

(A) The table reports the frequency of the nucleotide substitutions for each context.

(B) The same values are represented with bar-plots. The figure is saved as 3_signatures.pdf file located in ‘‘VirMutSig/

example/denovo_results/signature/figures/’’.
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1. Stratification of samples into signature-based clusters

Samples can be stratified by applying k-means (or any other clustering methods) on the signature-

assignment matrix. Standard heuristics should be employed to determine the optimal number of

clusters.

2. Corrected-for-signatures dN/dS analysis

dN/dS analysis is a standard population genetics method to assess the selection pressure acting

on the virus. After the identification of viral mutational signatures, it is possible to investigate

whether the SNVs generated by the corresponding mutational process are positively or nega-

tively selected in the population. To this end, the dN/dS analysis must be corrected for the ex-

pected mutation frequency specific for each signature profiles, as proposed in (Graudenzi et al.,

2021).

LIMITATIONS

Reference genome

Any reference genome can be used with VirMutSig. Using different reference genomes may slightly

change the results. For SARS-CoV-2 analysis we highlight the presence of two other reference ge-

nomes besides SARS-CoV-2-ANC used in this protocol (see ‘‘reference genome’’ in ‘‘materials

and equipment’’ section):

EPI_ISL_405839 (Bastola et al., 2020)

EPI_ISL_402125 (Andersen et al., 2020)

Notice that the number of mismatches between those two reference genomes and the one SARS-

CoV-2-ANC is only 5 nucleotides.

Dataset quality

In these kinds of analyses using good quality data is mandatory because the level of random muta-

tions (sequencing artifacts or samples biological degradation) could affect the significance of the

signature identified and assigned.

However, we suggested parameter settings that can mitigate this issue. Depending on the specific

quality of the data, the stringency of such parameters could be increased.

TROUBLESHOOTING

Problem 1

It may be difficult to choose the optimal rank (i.e., the number of mutational signatures) on the basis

of the available metrics (see step 13).

Table 3. First 5 entries of the assignment_results.txt file obtained after assignment.R execution

Sample S1_exposure S2_exposure S3_exposure S1_pvalue S2_pvalue S3_pvalue

SRR12351622 4.63 0.13 1.92 1.98e-18 1 1.98e-18

SRR12351634 1.14 0.44 4.48 1.98e-18 1.98e-18 1.98e-18

SRR12351645 0.81 1.84 3.68 1.98e-18 1.98e-18 1.98e-18

SRR12351651 2.32 0.47 1.05 1.98e-18 1.98e-18 1.98e-18

SRR12351655 4.65 0.26 2.06 1.98e-18 1 1.98e-18

For each sample, an exposure value is assigned for each signature. The corresponding harmonic mean p-value of the one-sided Mann–Whitney U-test is

computed with a bootstrap procedure.
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Potential solution

The estimation of the optimal number of signatures is a critical task.We have already discussed in the

text how one should consider the results of different metrics to estimate the optimal rank. However,

such metrics may sometimes lead to ambiguous (or conflicting) indications, making it difficult to

select the optimal rank. In this case, one may try to improve the stability of the results by increasing

the number of NMF iterations, since a higher number of iterations is expected to deliver more reli-

able and stable results. To this end, please increase the value of the NMF_ITER parameter in the ‘de-

novo_config.yalm’ file.

As an alternative option, we suggest increasing the number of samples in the datasets, if possible.

Problem 2

The input file for both the de novo and the assignment analyses is a matrix with samples (rows) x mu-

tations (columns) that is automatically generated from the provided list of SNVs. If the mutations

kept after the quality filter are too few, the resulting matrix might be too sparse to obtain robust re-

sults (see parts 3 and 4).

Potential solution

The de novo extraction of mutational signatures is harder with very sparse matrices. If the input data

are too sparse, one may increase the number of mutations by loosening the quality check filters or

lowering the threshold to filter out fixed variants. In both cases, more mutations will be employed in

the analysis.

However, one should be cautious when relaxing quality control filters and should aim at preserving a

good tradeoff between the number of variants and the quality of the data, because including lower

quality mutations may reduce the robustness of the results and the reliability of the inference.

Problem 3

An issue similar to the one presented in Problem 2 may arise when the number of samples that sat-

isfies the quality criteria (e.g., minimum number of mutations) is too low (see parts 3 and 4).

Potential solution

Increasing the number of samples is extremely beneficial for the de novo inference of mutational sig-

natures. We provide a set of quality checks parameters to set the minimum and maximum number of

mutations used to filter out samples (i.e.,MIN_SNV_SAMPLE,MAX_SNV_SAMPLE).Onemay set these

parameters to increase the sample size of the datasets, but as stated in the previous point, one should

keep in mind that including lower quality samples may also reduce the quality of the inference.

Problem 4

After performing the bootstrap (see part 4) no significant signatures were assigned to the samples.

Potential solution

In the bootstrap procedure, the algorithm detects the signatures that are significantly exceeding a

given exposure for each sample. The method repeats the fit until a given ‘GOODNESS_FIT_THR’

threshold is reached (to reduce overfitting) and identifies the signatures significantly exceeding

‘MIN_SIG_FREQ’ percentage of mutations for each sample. Reducing these two parameters will

result in a larger number of significant signatures assigned to each sample. A correct tuning of

such parameters depends on the quality of the data and on theminimum number of mutations which

are considered to be significant to assess if a signature is active.

Problem 5

The user may face issues with software compatibility during the setup of VirMutSig or one needs to

execute it on a computer with a Windows operating system (see parts 1, 2, 3, and 4). .
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Potential solution

We provide a Docker image (see part 1) including all the VirMutSig scripts and data already prein-

stalled and tested. It is also possible to execute all the VirMutSig steps within the Docker image

even on a computer with Windows OS.

To do this, please start by selecting a directory (e.g., ‘‘C:\user\data’’) on the local machine

and copy all the files requested for the user analysis (e.g., SRA_list or fastq files, reference

genome of choice, etc.). This directory will be the only local directory available within the Docker

image.

After obtaining the dcblab/virmutsig_img, the user will need to access it by executing the following

command in a terminal or in the command prompt window.

Please, change "C:\user\data’’ with the absolute path of the selected directory.

The terminal will changce, and the username will be replaced by something similar to:

Now, it is possible to execute all the protocol steps within the new terminal, following the same in-

structions described above.

The user files are located in the /VirMutSig/UserData directory. To get the VirMutSig result

files please copy them into this location, and they will also be available in ‘‘C:\user\data\’’ local

directory.

All the files in VirMutSig_img are writable. For example, the config files (i.e., ‘‘nextflow.config’’, ‘‘de-

novo_config.yalm’’, and ‘‘assignment_config.yalm’’) can be modified using the ‘‘nano’’ editor with

the following command:

Once completed the analyses, please digit exit to close the VirMutSig image. Notice that, only the

files modified or created within the /VirMutSig/UserData directory will be permanently available

(in C:\user\data), while all other edits will be discarded.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be ful-

filled by the lead contact, Daniele Ramazzotti (daniele.ramazzotti@unimib.it).

Materials availability

This study did not generate new unique reagents.

Data and code availability

This study did not generate any unique data sets. The FASTQ files used in this protocol are public

available at NCBI BioProject database (https://www.ncbi.nlm.nih.gov/bioproject/) using the

following access numbers NCBI: PRJNA610428, PRJNA645906

>docker run -it –mount \

type=bind,source="C:\\user\\data’’,target=/VirMutSig/UserData/ \

dcblab/virmutsig_img

root@d55f578b7306:/#

root@d55f578b7306:/# nano /VirMutSig/denovo/denovo_config.yaml
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The VirMutSig protocol and the example files are available at: https://github.com/BIMIB-DISCo/

VirMutSig.
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One of the key challenges in current cancer research is the development of computational

strategies to support clinicians in the identification of successful personalized treatments.

Control theory might be an effective approach to this end, as proven by the

long-established application to therapy design and testing. In this respect, we here

introduce the Control Theory for Therapy Design (CT4TD) framework, which employs

optimal control theory on patient-specific pharmacokinetics (PK) and pharmacodynamics

(PD) models, to deliver optimized therapeutic strategies. The definition of personalized

PK/PD models allows to explicitly consider the physiological heterogeneity of individuals

and to adapt the therapy accordingly, as opposed to standard clinical practices. CT4TD

can be used in two distinct scenarios. At the time of the diagnosis, CT4TD allows to

set optimized personalized administration strategies, aimed at reaching selected target

drug concentrations, while minimizing the costs in terms of toxicity and adverse effects.

Moreover, if longitudinal data on patients under treatment are available, our approach

allows to adjust the ongoing therapy, by relying on simplified models of cancer population

dynamics, with the goal of minimizing or controlling the tumor burden. CT4TD is highly

scalable, as it employs the efficient dCRAB/RedCRAB optimization algorithm, and the

results are robust, as proven by extensive tests on synthetic data. Furthermore, the

theoretical framework is general, and it might be applied to any therapy for which a

PK/PD model can be estimated, and for any kind of administration and cost. As a proof

of principle, we present the application of CT4TD to Imatinib administration in Chronic

Myeloid leukemia, in which we adopt a simplified model of cancer population dynamics.

In particular, we show that the optimized therapeutic strategies are diversified among

patients, and display improvements with respect to the current standard regime.

Keywords: personalized therapy, optimal control theory, pharmacodynamics, pharmacokinetics, RedCRAB,

chronic myeloid leukemia
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1. INTRODUCTION

The increasing availability of reliable experimental data on cancer
patients and the concurrent decreasing costs of computational
power are fueling the development of algorithmic strategies
for the automated generation of experimental hypotheses in
cancer research. This is particularly relevant in the sphere of
precision and personalized medicine, as efficient methods are
urgently needed to make sense of available data and support
clinicians in delivering patient-specific therapeutic strategies
(Salgado et al., 2018). To this end, methods borrowed from
optimal control theory (e.g., Bertsekas, 1995; Bailey and Haddad,
2005; Lenhart and Workman, 2007; Aström and Murray, 2010)
can be employed in combination with efficient techniques for
data analysis (Michor et al., 2005; Tang et al., 2011; Olshen
et al., 2014; Rainero et al., 2018), to produce accurate predictive
model of the clinical outcome of a given therapy in single
cancer patients.

Here, we introduce a theoretical framework named CT4TD

(Control Theory for Therapy Design), which employs the
RedCRAB optimal control algorithm (Heck et al., 2018b;
Omran et al., 2019), on patient-specific pharmacokinetics and

pharmacodynamics (PK/PD) models (Welling, 1997), with the
goal of delivering an optimized drug administration schedule (see
Figure 1 for a schematic representation of the framework).

In brief, PK models describe the temporal dynamics of the
concentration of a given drug in a certain tissue or organ,
whereas PD models depict the efficacy of the drug with respect
to distinct concentration values. The CT4TD framework first
defines patient-specific PKmodels based on demographic factors,
such as, e.g., age, sex, and body weight. Suchmodels are employed
to automatically identify optimized therapy dosages and/or
schedules to reach given target drug concentrations, as those
commonly used in clinical practice, also by respecting any desired
constraint such as, e.g., the maximum allowed number of doses
per day or the maximum dosage. In this way, our framework
can guide clinicians in the setting of optimized regimes at
diagnosis, allowing for an either more or less aggressive tuning;
this approach mimics the steady state optimization commonly
proposed in pharmacological studies.

Furthermore, when longitudinal experimental data on tumor
burden—e.g., the fraction of tumor cells on the total, in liquid
tumors—are available for patients under standard treatment,
CT4TD allows to determine optimized personalized strategies
to be used in order to minimize or even eradicating the cancer
cell subpopulation. In fact, with the CT4TD framework it is
possible to fit experimental data with a hierarchical population
dynamics model, which describes the temporal evolution of
cancer subpopulations in a given tumor (Michor et al., 2005;
Stiehl and Marciniak-Czochra, 2012; Werner et al., 2016; Stiehl
et al., 2018). Such model allows to measure the impact of a
given therapy over the tumor’s ability to expand and develop and,
accordingly, to estimate patient-specific PD models from clinical
data, which are then employed to design optimized therapeutic
regimes aimed at reducing the tumor burden.

Therefore, CT4TD can support clinicians in designing
personalized therapies both at diagnosis and when longitudinal

data on disease progression have become available. In all
scenarios, with our approach it is possible to compare the
actual therapeutic regime with the optimized one, showing
improvements in terms of efficacy, toxicity, and overall costs.

The CT4TD theoretical framework is general and applicable
to any kind of drugs, as long as PK/PD models can be
retrieved or estimated. Yet, liquid tumors allow to safely adopt
several simplifications and define simple and reliable models of
population dynamics, avoiding possible complications due to the
spatial and morphological properties of solid tumors (Graudenzi
et al., 2014, 2018).

For this reason, in this work we apply the CT4TD to the
specific case of Imatinib administration in patients with Chronic
Myeloid leukemia (CML), and we show the advantages of
employing our automated and data-driven framework in terms
of increased efficacy of the therapy and reduction of the overall
costs and toxicity. In particular, we here present the results
of the application of the CT4TD framework in two ideally
subsequent scenarios.

In the first case,CT4TD is used to identify the best therapeutic
regime to reach selected target drug concentrations, as those
commonly used in the clinic (e.g., Gambacorti-Passerini et al.,
1997; Peng et al., 2005; Baccarani et al., 2014). This scenario
provides indications which can be employed by clinicians
at the time of the diagnosis. Importantly, the inclusion of
demographic factors within the PK models (Widmer et al.,
2006) allows to define personalized drug schedules that are
different from standard practice. A robustness analysis to assess
the impact of intra-patient variability and of possible systematic
errors proves the safety of the hypotheses generated with
our approach, especially with respect to possible technical or
measurement errors.

In the second case, we employ longitudinal data on tumor
burden of a selected cohort of CML patients under standard
treatment, in order to retrieve personalized PD models and,
accordingly, to identify an adjusted therapy that is most effective
in minimizing cancer subpopulation, once the major molecular
response has been observed. In both cases the results allow to
explicitly evaluate the advantages in costs and improved efficacy
with respect to standard therapies.

2. BACKGROUND

2.1. Pharmacokinetic and
Pharmacodynamic Models
Pharmacokinetic (PK) models (Welling, 1997) are mathematical
models that describe the temporal evolution of the concentration
of a substance in a certain tissue of the body. Commonly
used techniques to study such processes are the so-called
compartmental models (Welling, 1997), i.e., dynamical models
based on the law of conservation of mass, and which assume
that the body is composed by a certain number of macroscopic
coupled subsystem, namely compartments. Such models assume
an instantaneous mixing of the drug in a compartment and
a perfect transport among them, and are usually defined
via systems of differential equations (e.g., Schwilden, 1981).
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FIGURE 1 | CT4TD pipeline. (A) The CT4TD framework employs demographic factors such as body weight, age, and sex to define patient-specific parameters of the

pharmacokinetic models. We here focus on the case of Imatinib administration in Chronic Myeloid leukemia (CML). (B) CT4TD manages two working scenarios: (i) at

(Continued)
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FIGURE 1 | time of diagnosis, CT4TD can be used to reach given optimal/lower-bound drug concentration targets, e.g., from clinical studies (steady state

optimization); (ii) when longitudinal data on tumor burden variation under standard therapy are available, CT4TD fits the data points with a hierarchical population

dynamics model of CML, and this allows to estimate patient-specific pharmacodynamics (PD) parameters, based on the observed cancer cell death rate. In both

scenarios, optimization on pharmacokinetics/pharmacodynamics (PK/PD) models is performed via RedCRAB, on distinct cost functions, aimed at: either being close

to given target concentrations (and strictly larger in the lower-bound case)—WS (i); minimizing the Area Under the Curve (AUC) and the tumor burden—Working

Scenario (WS) (ii). (C) optimized personalized dosage and schedule are returned, allowing to measure in silico the differences with respect to standard administration,

in terms of dosage, drug concentration, cost, and AUC. WS (ii) allows to predict the tumor burden evolution in case of an optimized therapy.

The solution of such systems provide predictions about the
variation of drug concentration in time, in a certain tissue. A
limitation of PK models is the employment of coarse-grained
oversimplifications, which require ad-hoc assumptions and are
valid only for sufficiently long timescales.

Pharmacodynamic (PD) models (Welling, 1997; Rowland
et al., 2011) study the relationship between the concentration of
a drug and the resulting effect, in terms of efficacy and possible
adverse effects (AEs). The effects of a certain substance are
estimated by modeling relevant biochemical reactions, usually by
exploiting the law of mass action (see, e.g., Goutelle et al., 2008).
One of the major limitations of PD models is that it is usually
impossible to have all the measurements necessary to determine
the kinetic constants of the involved chemical reactions. For this
reason, the efficacy of a drug is usually estimated with statistical
methods and target concentrations are defined with respect to
some arbitrary criteria (Peng et al., 2005; Larson et al., 2008a;
Takahashi et al., 2010; von Mehren andWidmer, 2011; Baccarani
et al., 2014).

PK/PD models are increasingly used to define new drug
dosage guidelines and protocols (e.g., Peng et al., 2005).
Nonetheless, standard approaches to this end are affected by
several major issues. Usually the optimal dose is identified in
phase I dose escalating clinical trials. Moreover, such trials may
suffer from possible idiosyncrasies of the study, from the presence
of unknown confounding factors and from the often limited
sample size. Another problem is that the recommended dosage
is often defined as optimal for an ideal—and non existing—
average patient, because the efficacy is only defined statistically.
As a consequence, the same drug dosage/schedulemight be either
insufficient or exceeding for different patients. In the former case,
this might lead to a non-optimal clinical outcome, in terms of
lower efficacy of the treatment, whereas in the latter case an excess
of drug may raise the probability of AEs, as well as the economic

cost of the therapy, an aspect that is particular relevant for
oncological therapies (Fojo and Grady, 2009; Himmelstein et al.,
2009; Experts in Chronic Myeloid Leukemia, 2013; Gomez-de
León et al., 2017; Jabbour et al., 2017).

Therefore, effective strategies for the identification of

optimized personalized therapy schedules are needed, in order to
possibly reduce the amount of drug and minimize the probability

of related adverse effects, while providing the same or an even
better efficacy—i.e., clinical outcome—, with respect to the
standard administration schedule. As a side effect, an optimized
personalized schedule would also deliver a minimal economic
cost, i.e., more patients will be able to afford its costs.

In this respect, CT4TD allows to: (i) define patient-specific
PK models that depend on a number of demographic factors

and biological covariates, such as age, sex, ethnicity, and body
weight, as proposed by Widmer et al. (2006); (ii) estimate
personalized PD models from longitudinal experimental data on
tumor burden (if available). This allows to identify personalized
therapeutic strategies, which explicitly account for the expected
differences in PK and PD, due to the physiological heterogeneity
of the individuals. It is important to stress that population PK/PD
models are employed in a wide range of distinct diseases such,
e.g., cancer (Yoshitsuga and et al., 2012), HIV (Chan et al., 2011),
diabetes (Landersdorfer and Jusko, 2008), as well as in anesthesia
administration (Potts et al., 2008).

2.2. Applications of Optimal Control Theory
in Medicine
Control theory is an interdisciplinary field bridging engineering
andmathematics, whose main objective is to define an opportune
control function that modifies the state of a given dynamical
system in order to perform a specific task, while minimizing the
cost and maximizing the performance (Bertsekas, 1995; Lenhart
and Workman, 2007; Aström and Murray, 2010) (see section 3
for a technical description).

Two main classes of controls exist: (i) open-loop control,
and (ii) closed-loop (feedback) control. In the former case, the
set and sequence of control actions is chosen a priori, by
exploiting theoretical study on the models. In this case, the
input is independent with respect to the output (e.g., possible
measurements on the system) (Lenhart and Workman, 2007).
Closed-loop control, instead, introduces in the procedure one
or more feedback loops, which are able to quantify the real
response of the system to variations of the control functions, and
adjust them according to the differences recorded between the
theoretical and real behaviors of the system (Aström andMurray,
2010).

There are several examples of successful applications of
control theory in pharmacology (see Bailey and Haddad, 2005;
Shi et al., 2014). In this respect, the final goal is to determine the
optimal set of therapeutic choices—e.g., dosages and schedules—
to obtained a desired efficacy, while minimizing the overall costs.
Closed-loop controls are extremely effective in achieving this
goal and have been often implemented in real-world health-
care settings (Haddad et al., 2006; Steil, 2013; Jayachandran
et al., 2014; Shi et al., 2014; Babaei and Salamci, 2015; Fuentes-
Garí et al., 2015; Naşcu et al., 2015). Nonetheless, technological
problems, such the absence of real-time measurements, as well as
possible problems in titrating drugs to the right concentration,
are still limiting real-life applications (Bailey and Haddad, 2005;
Cunningham et al., 2018). For this reason, open-loop controls
are still a viable option, mostly because of the applicability in a
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wide range of real-world scenarios for which, for instance, real-
time measurements and/or therapy adjustments are unfeasible.
Moreover, open-loop controls have proven to identify more
effective drug concentration in therapeutic ranges than standard
clinical practice (Barbolosi and Iliadis, 2001; Ledzewicz and
Schättler, 2006; Zhu andQian, 2014; Bara et al., 2017; Rocha et al.,
2018; Yoon et al., 2018).

However, many approaches in both categories are based on
limiting assumptions. Certain techniques, for instance, assume
continuous—yet unrealistic—drug infusion procedures (e.g.,
Pefani et al., 2013). Some methods rely on often speculative
mathematical models, which cannot be evaluated due to the lack
of opportune experimental data (Yoon et al., 2018).

The CT4TD framework aims at improving the current
state-of-the-art, by solving an open-loop control problem on
PK/PD models via RedCRAB (Heck et al., 2018b; Omran
et al., 2019), a remote suite based on dCRAB (Doria et al.,
2011; Rach et al., 2015), an algorithm for optimization and
control. The dCRAB algorithm is particularly suitable for
complex optimization problems when it is neither possible
or efficient to build the gradient from the set of differential
equations, defined by the main dynamics. In the aforementioned
case, the standard gradient-based methods could not be
efficient or failed the gradient calculation. The dCRAB optimal
control tool has the peculiarity to avoid local traps by
changing the optimization basis and paves also the possibility
to perform a closed-loop optimization, using the feedback
provided by the patient’s response. Extensions in this sense
are underway.

2.3. Mathematical Modeling of Cell
Population Dynamics
Many healthy and aberrant biological tissues are characterized by
a hierarchical organization, constituted by an ordered sequence
of discrete maturation states, as driven by differentiation
processes. In this respect, a number of mathematical models
have been proposed to study the cell population dynamics,
both in healthy systems (Marciniak-Czochra and Stiehl, 2013)
and in cancer (Michor et al., 2005; Tang et al., 2011;
Stiehl and Marciniak-Czochra, 2012; Olshen et al., 2014;
Altrock et al., 2015; Werner et al., 2016; Stiehl et al.,
2018).

In such models, cells are divided in n non-intersecting
compartments, with every ensemble representing a certain
stage of cell differentiation. The time ordering of the
differentiation stage defines an explicit hierarchy among
such ensembles. Accordingly, a lineage is defined as a
collection of compartments that fully describe all the
stages of differentiation of cells within a certain tissue
(see Figure S7).

Various approaches are employed to model the dynamics
of such systems such as, e.g., ordinary differential equations
(ODEs), discrete-time and continuous-time Markov chains,
master equations, etc. (see Altrock et al., 2015 for a recent
review). Each strategy displays a specific trade-off in
terms of expressivity and computational complexity. For

instance, ODEs are very convenient from the computational
perspective, but they are not suitable in certain cases,
e.g., when representing low numbers of cells. Conversely,
probabilistic models allow for a richer representation of the
system, yet at the cost of a higher computational burden and
mathematical complexity.

For sake of simplicity, the CT4TD framework employs a
ODEs hierarchical model of cell population dynamics to fit
longitudinal data on tumor burden (Michor et al., 2005; Tang
et al., 2011; Stiehl and Marciniak-Czochra, 2012; Olshen et al.,
2014; Altrock et al., 2015; Werner et al., 2016; Stiehl et al.,
2018). On the one hand, this model provides a description of
cell population dynamics in time for any given patient. On the
other hand, it allows to estimate the efficacy of the therapy in each
patient, on the basis of the observed cancer subpopulation decay,
which is then used to estimate patient-specific PD models (see
section 3 for further details).

3. MATERIALS AND METHODS

3.1. Estimation of Patient-Specific PK
Models of Imatinib in CML
In order to describe the various steps of the CT4TD pipeline
in detail, we here present its application to the specific case
of Imatinib administration in CML. Yet, we stress that the
theoretical approach is general and could be applied for any
therapy for which PK/PD models can be estimated.

We here employ the PK model of oral administration of
Imatinib introduced by Widmer et al. (2006) (see Figure S1): if
χg(t) is the amount of Imatinib in the gastrointestinal tract, ka
is the first order absorption rate, f is the bioavailability, i.e., the
fraction of an administered dose of unchanged drug that reaches
the circulatory system, and D the ingested dose, then:

dχg(t)

dt
= −kaχg(t), χg(0) = Df , (1)

so if v is the volume of the distribution, i.e., the theoretical volume
needed to account for the overall amount of drug in the body in
case the drug was evenly distributed throughout the body, CL the
clearance, i.e., the volume of plasma cleared of the drug per unit
time, C(t) the concentration in the blood, χb(t) the amount of

Imatinib in the blood (C(t) =
χb(t)
v ), then:

dχb(t)

dt
= +kaχg(t)− CL · C(t), C(0) = 0. (2)

An example of the solution of Equation (2) can be found in
Figure S2.

Both equations can be tuned to consider demographic factors
as body weight, age and sex, thus providing patient-specific
PK models. More in detail, such demographic factors can be
incorporated in the clearance CL and in the volume of the
distribution v, as initially proposed by Widmer et al. (2006):

CL = θa+θ1
BW − BW

BW
+θ2q−θ2(1−q)+θ3

AGE− AGE

AGE
, (3)
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v = θb + θ4q− θ4(1− q), (4)

where θi, for i = a, b, 1, 2, 3, 4 are constants, BW is the body
weight of the patient and BW is its population-average, AGE
is the age of the patient and AGE its population-average and
q is a binary variable which takes value 1 for male and 0 for
female. Estimation of such parameters is provided by Widmer
et al. (2006) and shown in Tables S1, S2. As in the dataset used
in the case study, only the information about age and sex was
available, we estimated the corresponding BW in each patient
on the basis of average measures provided by McDowell et al.
(2005)1.

3.1.1. Therapy Simulation
In order to simulate a therapy, we need tomodel amulti-dose oral
administration. Let tin and tfin be the initial and the final time of
the therapy, we suppose to give n+1 doses at time t0, t1, t2, . . . , tn,
with a dose amountDi (i = 0, 1, 2, 3, . . . n), respectively. Thus, we
have n first order differential equations like Equation (1); by using
the superposition principle the solution will be:

t0 ≤ t < t1 χg(t) = χg0(t),
t1 ≤ t < t2 χg(t) = χg0(t)+ χg1(t),
t2 ≤ t < t3 χg(t) = χg0(t)+ χg1(t)+ χg2(t),
. . . . . .

tin ≤ t < tfin χg(t) =
∑n

i=0 χgi(t),

(5)

where χgi(t) = ψgi(ti)e
−ka(t−ti) is a solution of Equation (1), with

ψgi(ti) = fDi. Then, substituting χg(t) into the Equation (2) it is
possible to study the dynamics of blood concentration of a certain
drug for a multi-dose oral administration (see Figure S2 for an

example). Notice that
χg (t)

v = C(t).

3.2. Estimation of Patient-Specific PD
Models From Experimental Data
CT4TD includes a data analysis module, aimed at identifying
patient-specific parameters of the PD model from experimental
data, and which relies on a widely-used model of cancer
population dynamics. The following subsection include details
on each pipeline step.

3.2.1. Population Dynamics Model of Leukemia
In CT4TD we use the simplest compartmental model of
population dynamics for which it is possible to estimate the
parameters from available experimental data.

In detail, the organization of leukemic systems is characterized
by a hierarchy that is analogous to the healthy hematopoietic
counterpart, and which can be modeled in the simplest case
with two compartments: (i) cancer stem cells (CSC) and (ii)
progressively differentiated cancer cells (Michor et al., 2005; Tang
et al., 2011; Stiehl and Marciniak-Czochra, 2012; Olshen et al.,
2014; Wodarz et al., 2014; Werner et al., 2016; Stiehl et al., 2018).

1It is known that other factors can change the value of the clearance and

the volume of the distribution. For instance, the concentration of the α1-acid

glycoprotein affects the volume of the distribution, whereas the MDR1 genotype,

the CYP3A4 activity and the creatinine clearance affect both CL and v (Widmer

et al., 2006). However, we here limit to consider the aforementioned demographic

measurements, because of their availability in our and in most datasets.

Note that the model could be generalized to account for
m lineages, in order to represent the possible presence of
subpopulations of tumor cells with distinct properties (e.g.,
therapy resistant phenotypes), and to account for complex
interaction phenomena (e.g., between lymph nodes/bone-
marrow and blood-stream). However, in order to allow for
an accurate and robust parameter estimation, more complex
models of population dynamics would typically require—
among other things—a much higher number of data points
than those usually available. In addition, limitations regarding
parameter identification of ODE models with inadequate data
(i.e., identifiability of a model) were described in Saccomani et al.
(2010) and Hong et al. (2019), and justify our choice of adopting
highly simplified models, at least until new suitable experimental
data will become available.

In this case, first order differential equations are suitable
to describe the population dynamics, because experimental
evidences show that the proliferation of healthy cells display
an exponential increase (Marciniak-Czochra and Stiehl, 2013),
whereas cancer cells under therapy display an exponential decay
(Michor et al., 2005; Tang et al., 2011; Olshen et al., 2014; Rainero
et al., 2018). Thus, we analyse the fluxes between compartments,
by defining the following constants:

• pi,k is the division rate of the cells in the i ensemble of the k
lineage.

• di,k is the death rate of the cells in the i ensemble of the k
lineage—this rate will be estimated from experimental data.

• ai,k ∈ [0, 1] is the probability that, when a cell undergoes
mitosis, both of its daughters belong to the i ensemble in the k
lineage; therefore, 1−ai,k is the probability of belonging to the
i + 1 ensemble. With respect to CSCs (or SC) this quantifies
the self-renewal process.

Note that, we consider a symmetric differentiation scheme,
according to which after mitosis both cells are of the same type,
either stem or differentiated.

In a single individual, the dynamics of the healthy system—
which includes stem cells, progenitors and differentiated cells—
and that of the leukemic system coexist. Yet, we here assume that
CML cells are cytokine-independent (as formulated by Werner
et al., 2016), so the equations describing the dynamics of leukemic
subpopulation do not include terms related to the healthy
counterpart, (i.e., the ODE system of healthy and leukemic
subpopulations becomes uncoupled). As a consequence, the
dynamics of the leukemic system can be defined as follows:

dl1(t)
dt

= λl1(t),
dl2(t)
dt

= γ l1(t)+ τ l2(t),
(6)

where:

λ = (2a1,l − 1)p1,l − d1,l, γ = 2(1− a1,l)p1,l,
τ = −d2,l.

(7)
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This is a typical example of a linear autonomous system, and the
solution could be obtained analytically in a recursive way:

l1(t) = l1(0)e
λt ,

l2(t) =
eτ t(γ l1(0)−λl2(0)+τ l2(0))−l1(0)γ e

−λt

τ−λ
.

(8)

3.2.2. Experimental Data Fitting
Once the leukemia 2-compartments model has been defined, it
is possible to estimate its parameters from experimental data. In
particular, we here focus on the specific case of CML. As every
cancer cell in CML is characterized by the BCR-ABL mutation, it
is possible to distinguish healthy from cancer cells with Q-PCR
measurement, and this allows to have longitudinal experimental
data returning the fraction of cancer cells over the total, i.e., the
tumor burden (Michor et al., 2005; Tang et al., 2011; Olshen et al.,
2014; Rainero et al., 2018).

TheCT4TD fits the longitudinal data on tumor burden in each
patient with a biphasic exponential, which in log-scale describes
two distinct and intersecting lines, as proposed in Michor et al.
(2005), Tang et al. (2011), and Olshen et al. (2014). In particular,
we selected the combination of straight lines minimizing the
value of R2 (i.e., the standard coefficient of the goodness of a
linear regression, which quantifies the portion of the response
that is explained by a linear model), by scanning all the points of
intersection (with a step of 1 day) and fitting data with two lines
with distinct slopes, via a standard non-linear fit (see theTable S3
for all parameter estimation). We also tried to fit data with either
one or three distinct lines, yet in our case study the best fit was
obtained in the two-lines case.

Once the two best fitting curves have been obtained
for each patient, we adopt a simplifying assumption that
allows us to estimate the parameters of the compartmental
model from data. In Marciniak-Czochra et al. (2009), it
is shown that the leftmost curve (with higher slope) is
likely to represent the overall population dynamics involving
cancer stem cells, cancer progenitors and cancer differentiated
cells (decreasing in population size), together with that of
healthy blood cells (increasing in population size). Considering
that the Q-PCR measurements of the BCR-ABL fusion
gene return the ratio between cancer cells and the total
number of cells in the system, it would be impossible to
disentangle the contribution of each subpopulation to the overall
dynamics, and to reliably estimate the values of γ and τ

in Equation (7), without ad-hoc assumptions and/or further
opportune experiments.

Instead, it is possible to hypothesize that the rightmost curve
(i.e., the second exponential decay, with lower slope) accounts
for the dynamics involving a completely recovered healthy cell
subpopulation—thus, healthy cells can be considered as constant
in number—and a decaying cancer stem cell subpopulation,
with no progenitors and differentiated cancer cells left in the
system, as a consequence of the therapy (Michor et al., 2005;
Tang et al., 2011; Olshen et al., 2014; Rainero et al., 2018).
With this assumption, it is possible to estimate the parameters
of the first compartment, and in particular, the cancer stem cell
death rate d1,l in Equation (9), from experimental data. This
also allows us not to explicit consider a model for the healthy
hematopoietic system.

In detail, we assume that the exponential decay of the
rightmost curve (i.e. the exponential decay of CSC, given by the
first equation in Equation 8) accounts for the dynamics of the
CSC subpopulation only. In this way, it is possible to evaluate the
effect of a standard Imatinib therapy—400 mg per day—directly
on the CSC decay, as estimated from any patient’s data.

In fact, βj, i.e., the measured slope accounting for the decay of
CSCs, will be given by:

βj = Log10[e][(2a1,l,j − 1)p1,l,j − d1,l,j] = Log10[e]λj, (9)

where j is the patient’s index.

3.2.3. Identification of Patient-Specific PD Models
Various PD models can be employed to estimate the efficacy of
Imatinib in CML. In our case, we use a PD model based on
the maximum-inhibition effect (Emax) (Peng et al., 2005) (see
Figure S3):

E(C(t)) =
Emax · C

n(t)

ECn
50 + Cn(t)

, (10)

where E(t) is the effect, Emax is the maximum effect, C(t) is the
concentration of the drug, EC50 the concentration of the drug
that produces half of maximal effect, and n is a shape factor.

In order to identify patient-specific PD models from the
parameters of the leukemia model estimated from data, we can
safely suppose a linear relation between the population-average of
the efficacy 〈E〉 and the population-average of 〈d1,l〉 (Gambacorti-
Passerini et al., 1997). Hence, the relation is the following:

〈d1,l〉 = K〈E〉, (11)

where K is a conversion constant. In this case, the efficacy of a
certain concentration of a drug is directly proportional to the
increase of the cancer cell death rate.

It is possible to estimate K from the available dataset, by
employing patient-specific PKmodels and an average benchmark
PD model (n = 1, EC50 = 0.123 [mg/L] and Emax = 1). To do
this, we first compute the time-average of the concentration C̄j(t)
for each patient, with respect to a 40-days standard therapy—400
mg Imatib per day—, which we then use to compute the time-
average of the efficacy Ēj as per Equation (10), by considering
unique average PD parameters for all patients. Finally, we
consider the population-average the efficacy 〈E〉, as computed on
all patients. 〈d1,l,j〉 is then obtained by using formula (Equation

9), setting a1,l = 0.87 and p1,l = 0.45 [days−1] as proposed
(Stiehl et al., 2018), and by taking the mean over all patients. As
a result, the conversion factor for this dataset is K ≈ 0.377 ±

0.0007 [days−1]. Since we suppose a linear relation between K,
〈d1,l〉 and 〈E〉 (see Equation 11), the confidence interval of K is
determined via standard (linear) error propagation procedure.

At this point, we are able to estimate the personalized
parameters of the PD model, and in particular of EC50, by
supposing that the maximum efficacy is Emax = 1 and the shape
factor is n = 1, for all patients (Peng et al., 2005; Weigel et al.,
2010). Therefore, the relation is the following:

EC50,j = C̄j

[

KEmax

d1,l,j
− 1

]1/n

. (12)
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With this procedure, we can estimate the value of EC50,j

for each patient from individual longitudinal data on tumor
burden. This result leads to the definition of PK/PD personalized
models, which integrate demographic factors and Q-PCR data
that measure the response of each patient to the therapy, and
represents one of the major novelties of our approach.

The results for all patients are presented in Table S4 and in
Figure 4. Notice that, if longitudinal data on single patients are
not available, the CT4TD allows to employ a unique (average)
PDmodel for all patients, as estimated from experimental studies
(see e.g., Gambacorti-Passerini et al., 1997; Peng et al., 2005;
Picard et al., 2007; Baccarani et al., 2014).

3.3. Definition of the PK/PD Control
Problem
We formally define the PK/PD control problem for the
administration of discrete doses as follows. Let be tin and tfin
the initial and the final time of the therapy. Here we aim at
finding: (i) the optimal doses D∗

0 ,D
∗
1 , . . .D

∗
n, and (ii) the optimal

schedule of administration t∗0 , t
∗
1 , . . . , t

∗
n , such that a functional

that represents the cost L(C(t, {(D0, t0), (D1, t1), . . . , (Dn, tn)}))
is minimized. Notice that the set {(D∗

0 , t
∗
0 ), (D

∗
1 , t

∗
1 ), . . . , (D

∗
n, t

∗
n)}

are the control functions and C∗ is the optimal unknown
drug concentration, described in a general setting with the
ODE in Equation (18) (the solution of the particular case
of multi-dose oral administration is shown in Equation 5).
To simplify the notation, in the following we will refer to
L(C(t, {(D0, t0), (D1, t1), . . . , (Dn, tn)})) as L(C(t, {(Di, ti)})).

The definition of the cost functionalL is the core of the PK/PD
control problem and can include various weighed terms, which
one should wisely select with respect the specific problem and
goals. In particular, L may (or may not) include distinct terms
accounting for: (i) the efficacy E of the therapy, as derived via
PD models, such as the Hill equation (Goutelle et al., 2008)
or the Emax model (Peng et al., 2005) (if average or patient-
specific parameters can be estimated); (ii) the toxicity of the
therapy and/or the possible AEs as measured, e.g., via the Area
Under the Curve (AUC); (iii) in case the PD model is unknown
or indefinable—a distance between the optimized concentration
C∗(t) and a target concentration Ctg as estimated, for instance,
from clinical trials (Baccarani et al., 2014); (iv) the economic
cost of the therapy; (v) the properties and the temporal evolution
of the disease, as in the case of the tumor burden estimation
from longitudinal experimental data (Michor et al., 2005; Stiehl
and Marciniak-Czochra, 2012; Altrock et al., 2015; Werner et al.,
2016; Stiehl et al., 2018) (in this case the goal will be the
optimization of the performance of the therapy with respect to
the minimization of cancer subpopulations; (vi) the probability
of developing resistance to the therapy (Michor et al., 2005;
Tang et al., 2011), etc. Obviously, some of these terms are highly
correlated, as for example the AUC and the economic cost.
Notice also that the choice of opportune weights is crucial in
defining an effective control, if more than one term is used,
and that it is necessary to fix n a priori when minimizing L.
The latter choice is related to the applicability to current real-
world scenarios, in which practical limitations usually prevent to

exceed a certain amount of doses per day, as well as to administer
continuous dosages, especially with respect to cancer therapies.
In detail, we here define cost functions L with respect to two
distinct scenarios: (i) optimization of therapy for fixed target
concentrations, (ii) optimization of therapy for tumor burden
reduction or stabilization (as proposed by West et al., 2018).

3.3.1. Working Scenario (i): Optimal Control With

Fixed Target Concentration at Diagnosis Time

(Patient-Specific PK Models—No PD Models)
In many real-world scenarios it is not possible to retrieve or
estimate the parameters of the PD models, for instance at the
time of diagnosis. In this case, CT4TD can be used to find
the best personalized therapeutic strategy to either: (i) be as
close as possible to a given optimal target drug concentration,
or (ii) be close to, but strictly larger than a given lower-bound
target (i.e., steady state optimization; Shargel et al., 1999). In the
first case—i.e., optimal target concentration—CT4TD employs a
simple Euclidean distance between two concentrations:

E(C1 ,C2) =
∣

∣C2(t)− C1(t)
∣

∣ . (13)

Ctg is the target drug concentration, necessary to have a
major molecular response, estimated, e.g., via clinical trials. For
example, in clinical studies, Imatinib concentration in blood is
required to be above 0.57 [mg/L] and with a time average of 1
[mg/L] (Peng et al., 2005). C∗(t) is the unknown concentration
of drug in blood, which will be identified by solving the
control problem.

Then, in this case the cost is defined as follows:

L(C∗(t, {(D∗
i , ti)})) =

∫ tfin

tin

dtE(C∗,Ctg ). (14)

This cost favors the solutions which are close to the target, with
no preference between above or under the target. In the second
case—i.e., lower-bound target concentration—CT4TD uses a step
distance in the space of concentrations. In this case the distance
between two concentrations becomes:

S(C1 ,C2) =

{

E(C1,C2), C1 ≥ C2,

G, C1 < C2,
(15)

where G is a constant. It is then possible to define the cost
as follows:

L(C∗(t, {(D∗
i , ti)})) =

∫ tfin

tin

dtS(C∗,Ctg ). (16)

In this case, CT4TD will give solutions that display
concentrations above the lower-bound target. We stress
that working scenario (i) is general, as target drug concentration
can be derived from any given clinical trial or practice. In
such case, the target concentration is a parameter of the cost
functional, which can be opportunely modified according to the
considered therapy, both in the optimal target (Equation 14) and
the lower-bound target cases (Equation 16).
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3.3.2. Working Scenario (ii): Optimal Control for

Tumor Burden Reduction (Patient-Specific PK

Models—Patient-Specific PD Models)
When it is possible to estimate patient-specific PD parameters
from longitudinal data on tumor burden variation under
standard treatment, CT4TD can be used to identify an adjusted
optimized therapy to reduce such burden in each patient. In
particular, our approach can use a cost function with the aim
of: (i) minimizing the number of cancer stem cells (e.g., at the
end of the treatment, (ii) minimizing the AUC of the therapy,
which accounts for toxicity and possible AEs. To do this, we need
to introduce two arbitrary weights W1 and W2, which account
for the relative relevance of the two distinct components. Notice
that we cannot consider the exponent of Equation (8) only, as the
dynamics of l1(t) is a monotone function and the minimization
of cancer stem cells is reached for Di → ∞, which implicates
that if the maximum amount of drug is bounded (i.e., Dmax) the
optimal solution is trivially reached forDi = Dmax,∀i. Therefore,
we have:

L(C∗(t, {(D∗
i , ti)})) =

∫ tfin

tin

dt[W1(Log10[e]λ(Ej(C
∗(t))))

+W2C
∗(t)]

=

∫ tfin

tin

dt[W1(Log10[e]((2a1,l − 1)p1,l

− KEj(C
∗(t))))+W2C

∗(t)],

(17)

Notice that cost functional in Equation (17) includes the net
growth rate of the CSCs, i.e., λ in Equation (8). This choice allows
us not to know or estimate the initial number of CSCs l1(0), since
is not possible to infer this quantity from tumor burden data
only. The ratio φ =

W1
W2

determines the overall of the optimal
solution and should be wisely chosen. In order to provide some
indications on this modeling choice, we performed an extensive
scan of φ (in the range φ ∈ [10, 100]), with respect to all patients
and we analyzed the variation of the time-average concentration
C̄. The results are shown in Figure 5. From this analysis, one can
see that a sound choice for φ might be in the range [60–65] for
males and in [70–75] for females (note this choice depends on the
units of measurement), meaning that the weight corresponding
to the time evolution of CSCs is relatively more relevant than that
corresponding to the toxic effects.

We finally specify that working scenario (ii) was originally
designed for liquid tumor therapies, as it requires the definition
and the measurement of the tumor burden, which is used to
estimate the CSCs net growth rate. Whether measurements
on tumor burden and an appropriate model for cancer
population dynamics would be available for distinct cancer
types, our framework might be applied without any significant
theoretical modification.

3.4. Resolution of Control Problem via
RedCRAB
In CT4TD the control problem is heuristically solved by using
RedCRAB, the remote version of the dressed Chopped RAndom
Basis (dCRAB) optimal control via a cloud server (Caneva and

et al., 2011; Doria et al., 2011; Rach et al., 2015; Heck et al.,
2018a; Omran et al., 2019). Optimal control theory has been
used for decades to optimize classical processes, and its quantum
counterpart has been increasingly exploited in the last years
(Khaneja and et al., 2005; Spörl et al., 2007; Caneva and et al.,
2009; Brif et al., 2010; Lloyd and Montangero, 2014; Koch, 2016;
Pichler et al., 2016; Sørensen and et al., 2016; van Frank and
et al., 2016; Deffner and Campbell, 2017; Goerz et al., 2017). In
its simplest version, optimal control drives the state of the system
to a goal one, characterized by some desired properties, by using
a set of time-dependent controls.

Here, the dynamics of the system is identified by the
concentration of the drug in a certain compartment C(t,D(t)),
which obeys the time evolution equation:

∂C(t,D(t)))

∂t
= f (t,D(t),C(t,D(t))), (18)

where D(t) is the time-dependent control function, i.e., the
doses function defined in section (see the section describing
the patient-specific PK models of Imatinib in CML). The goal
here is to optimize the drug administration schedule (see
section 3.4.1) while minimize the cost functional as defined in
subsections describing working scenario (i) and working scenario
(ii) (see above).

Starting from the standard administration schedule D0(t), the
optimization proceeds by looking for the optimal correction g(t)
such the optimal administration schedule will be D(t) = D0(t)+
g(t). Following (Rach et al., 2015), the correction g(t) is expanded
in a truncated function space, specifically in random Fourier
components as:

g(t) = Ŵ(t)

nc
∑

k=1

[Ak sin(ωk t)+ Bk cos(ωk t)] (19)

where ωk = 2π(k + rk)/T and rk ∈ [−0.5, 0.5], nc is the total
number of frequency used, T is the final time, and Ŵ(t) is a
fixed scaling function to keep the values at initial and final times
unchanged. In conclusion, the control problem is reformulated
as maximization of a multivariable function L(Ak,Bk) with fixed
ωk, and can be efficiently solved numerically by searching the
best combination of {Ak,Bk}with the preferredmethod of choice,
here a direct-search method (Nelder and Mead, 1965). Notice
that, each frequency ωk is independently optimized: indeed,
after a certain number of iterations, we move to the next ωk+1,
by introducing an external loop on the frequencies, i.e., super-
iterations. This allows the algorithm to include a high number of
Fourier components and efficiently find the optimal solution, by
avoiding local traps that can stick the optimization into not the
global minimum (Rach et al., 2015).

In the RedCRAB optimization, the server generates and
transmits a set of controls to theCT4TD, which evaluates the cost
function, by interfacing with MATLAB and communicates it to
the server completing one iteration. The optimization continues
iteratively by providing the optimal set of controls as well as
giving back the figure of merit, until the convergence is reached.

Frontiers in Bioengineering and Biotechnology | www.frontiersin.org 9 May 2020 | Volume 8 | Article 523



Angaroni et al. Personalized Therapy via Optimal Control

We specify that, as for any heuristic method, the solution
provided by our approach might be sub-optimal. This depends
on the complexity of the search space and by the computational
resources available. Yet, as proven in several real-world
applications (Doria et al., 2011; Rach et al., 2015; Hoeb and
et al., 2017; Omran et al., 2019) RedCRAB was proven to be a
computationally efficient and robust technique.

3.4.1. Optimal Dosage
To solve the optimization problem with respect to dosages, we
optimize a control field D(t) defined between (t0 ≤ t ≤ tf )
via RedCRAB. Then, we proceed by mapping the D(t) doses
function into (n+ 1)-integer values which correspond to (n+ 1)-
doses D∗

j (j = 0,..., n), where n is the number of total doses

given to the patient; tf is the final time of the therapy and t0 =

0 the initial time. Accordingly, we can define the schedule of
administration as:

(t0, t1, ..., ti, ..., tn, tn+1) =

(

0,
tf

n+ 1
, ..., i ·

tf

n+ 1
, ..., n ·

tf

n+ 1
, tf

)

(20)

i.e., ti = i ·
tf

n+1 for i = 0, 1, ..., n + 1 Indeed, the n-doses D∗
j are

obtained by integrating the doses function D(t) between adjacent
times in the schedule administration as follows:

D∗
j =

∫ tj+1

tj

dsD(s) (21)

with j = 0, ..., n. The more general case where also the time
schedule of the administration is optimized (i.e., optimal schedule
case) is described in the SM.

4. RESULTS

4.1. Imatinib Administration in Chronic
Myeloid Leukemia—CML
We here show the application of CT4TD to the specific case of
Imatinibmesylate administration in patients with CML. The final
goal is to determine the drug optimized dosage and schedule in
two distinct scenarios.

1. In the first case the goal is to optimize personalized therapeutic
strategies to reach given target concentrations, as those
commonly used in clinical protocols, and by assuming to be
at diagnosis time.

2. In the second case, we employ the population dynamics
models, as retrieved by fitting longitudinal data on single
patients under standard treatment, to deliver patient-specific
therapies that are most effective in reducing/eradicating the
tumor subpopulation after the major molecular response, on
the basis of PK/PD personalized models.

Imatinib is an inhibitor of the BCR-ABL tyrosine kinase, which is
known to bind to the inactive form of BCR-ABL at nanomolar
concentration, competing with the ATP for its binding pocket
and hindering the switch of the fusion kinase to the active
form, therefore impairing the catalytic activity of the enzyme
(Gambacorti-Passerini et al., 2003). The therapy is in most cases
long-life (Michor et al., 2005; Tang et al., 2011; Branford et al.,

2013; Olshen et al., 2014; Rainero et al., 2018) and the treatment
is expensive (≈ 30,000 US$ per year; Cole and Dusetzina,
2018). Therefore, the impact of an optimized and personalized
administration would be two-fold: on the one hand, it could
be effective in optimizing the performance, while reducing
the toxicity and minimizing the adverse effects for long-term
therapies (Larson et al., 2008b; Mughal and Schrieber, 2010;
Hu et al., 2012); on the other hand, it could help in reducing
the overall economical costs, which currently limit the access to
therapy, hence making long-term health care more sustainable
(Fojo and Grady, 2009; Himmelstein et al., 2009)2.

4.2. Datasets
We applied the CT4TD framework to a longitudinal dataset
from Michor et al. (2005), in which 29 CML patients have been
monitored with a peripheral blood draw taken every 90 days,
from the time of diagnosis up to a maximum time of about 3, 500
days (average time ≈ 2, 659 ± 938 days) For these patients, the
administration schedule has been 400 mg Imatinib/day for the
whole considered period.

In particular the fraction of cancer cells in blood—that
will be referred to as tumor burden from now on—can be
reliably estimated by analyzing the expression level of the
fusion gene BCR-ABL, thus providing an easy way to monitor
the disease progression, as well the response to therapy. As
BCR-ABL transcript is solely expressed by the leukemic cells,
its measurement by mean of quantitative PCR (Q-PCR) is
considered one of the most sensitive and specific techniques to
indirectly assess the tumor burden, and is the standard de facto
for monitoring minimal residual disease in CML.

More in detail, we selected a subset of the dataset provided in
Michor et al. (2005), by removing all the patients that displayed
too few data points (i.e., < 3), or that were characterized by
resistant mutations, i.e., specific DNA alterations that render
the therapy via Imatinib ineffective, usually due to steric
impediments (Shah et al., 2004). In such cases, it is common
practice to employ an alternative therapy, based either on
Dasatinib, Nilotinib, Ponatinib, or Bosutinib (Shah et al., 2004).
We decided to leave resistant patients out of the analysis for
two distinct technical reasons. First, this scenario would require
a more complex population dynamics model—i.e., with more
subpopulations—, characterized bymanymore parameters, often
impossible to estimate. Second, in this case the identification of
an optimized therapy should involve two distinct controls, and
even if theoretically possible, this would require to obtain data
concerning the effect of Dasatinib/Nilotinib/Ponatinib/Bosutinib
on tumor burden, which are not present in the used dataset.

We eventually selected 22 (out of 29) patients, for which the
therapy led to a successful major molecular response (MMR),
i.e., the ratio of cells with BCR-ABL mutation is ≤ 0.1 on the
international scale (Griffiths et al., 2014).

2Note that it was recently hypothesized that CML CSC could be resistant to the

effects of Imatinib and persist in all patients on long-term therapy. (Holyoake and

Vetrie, 2017). However, only further experimental studies could unravel this point.
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FIGURE 2 | Patient-specific PK models. Personalized pharmacokinetic curves

(blue solid lines), as estimated from demographic factors, such as age, sex,

and body weight, as per Equations (3) and (4), in the range t ∈ [0, 48] h (x axis);

y axis describes the drug concentration C(t) in [mg/L]. The blue curves

correspond to the 22 distinct patients included in the dataset, whereas the

dashed red curve represents the population-average pharmacokinetics.

4.3. Patient-Specific PK Models
We first use patient-specific PK models by incorporating
demographic factors—i.e., body weight, age, and sex—in the
clearance and in the volume of the distribution, as per Equations
(3) and (4) (Widmer et al., 2006)(see section 3). The parameter
settings of RedCRAB optmization for this case study are shown
in Table S6.

In Figure 2, the PK curves corresponding to the 22 patients
(in blue) and the average PK model (in red) over a selected time
window ([0, 48] h) are displayed.

4.4. Defining Personalized Optimized
Administration at Diagnosis Time
CT4TD can be employed when CML is diagnosed, in order
to identify optimized therapeutic strategies that lead to drug
concentrations as close as possible to given targets. We here
present the application of CT4TD to two distinct targets.

The first target concentration is Ctarg(t) = 0.57 [mg/L],
which is currently the most widely employed in the clinic (Peng
et al., 2005). It is hypothesized that any effective therapy should
ensure a drug concentration close to, but strictly larger than this
value, in order to lead to a good performance, while minimizing
the AEs (Graham et al., 2002; Faber et al., 2016). In this case, we
consider this concentration as a lower-bound target, and the goal
of the CT4TD framework will be to design an optimized therapy
to be close to, but strictly larger than this concentration value, by
employing an opportune distance notion (see section 3).

The second target concentration is Ctarg(t) = 1 [mg/L]
and is supposed to provide a more effective therapy, but at the
cost of an increased likelihood of AEs and toxicity (Gambacorti-
Passerini et al., 1997; Picard et al., 2007; Baccarani et al., 2014).
From common practice, an effective therapy is that leading
to values of drug concentrations around this target. For this
reason, CT4TD will return an optimized therapy ensuring a
drug concentration as close as possible to this optimal target
(see section 3). Note that one could select any arbitrary target
concentration, or even combinations of targets, and this would
not affect the validity of our approach. For both targets we

tested distinct settings, in which we considered, respectively, 1
and 3 doses per day at fixed times (i.e., 1 dose each 24 and 8
h, respectively)3.

In Figure 3, we present the application of CT4TD to a
selected patient (n. 0001 00004 AJR, male), with respect to
the lower-bound target Ctarg(t) = 0.57 [mg/L] (left panels),
and the optimal target Ctarg(t) = 1 [mg/L] (right panels).
In particular, we compared the standard administration (red),
the 1-dose optimized therapy (blue) and the 3-doses optimized
therapy (green), on a temporal window of 14 days, with
respect to drug dosage (Figures 3A–E),drug concentration in
blood (Figures 3B–F), cumulative (Euclidean) distance with
respect to the target concentration (Figures 3C–E), and AUC
(Figures 3D–H).

When assessing the goodness of a therapy in the lower-
bound scenario—i.e., Ctarg = 0.57 [mg/L]—it is important
to look at both the distance to the target and the overall
time in which the drug concentration is above such target. In
Figures 3A–D, one can see that the optimized 1-dose strategy
displays higher cumulative distance and area under the curve—
AUC—with respect to the standard schedule, due to the fact
that drug concentration is always strictly larger than the lower-
bound target. This is proven by the proportion of time spent
above the target (computed on the whole period), which is
100, 100, and 88.6%, for the 1-dose, the 3-doses, and the
standard administrations, respectively. The 3-doses optimized
strategy displays a remarkable improvement also with respect
to cumulative distance and AUC, proving to be an effective
therapeutic choice for this specific patient. This expected result
shows the effectiveness of our methodological approach in
producing biologically-plausible experimental hypotheses.

With respect to the optimal target—i.e., Ctarg(t) =

1 [mg/L]—, an effective therapy should ensure a drug
concentration as close as possible to the target, thus reducing the
drug surpluses, while minimizing the cases of insufficient dosage.
In this case, the 1-dose optimized scenario almost overlaps
with the standard administration (yet, this is not always the
case as one can see, for example, with respect to 0006 00007
RJW in Figure S18), whereas the 3-doses optimized strategy
displays an improvement in terms of cumulative distance, as
the drug concentration is constantly kept much closer to the
desired target, thus importantly reducing under- and over-dosing
(Figures 3E–H). In Figures S8–S28, one can find the results of
the analyses on the other 21 patients included the dataset.

4.5. Adjusting Treatment for Tumor Burden
Reduction
The CT4TD framework can be employed in order to identify
optimized therapeutic strategies for patients that are currently
treated with a standard regime, and for which longitudinal data
on tumor burden variation are available. In this case, in order
to estimate personalized PD models from experimental data—
which describe the individual therapeutic response to identical
drug concentrations—, CT4TD employs a module which fits

3It would be possible to use our theoretical framework to define a free-time

schedule optimization procedure. Yet, we believe that current practices in Imatinib

oral administration would make a free-time schedule scarcely usable.
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FIGURE 3 | Patient-specific optimized therapy with fixed target drug concentrations. Optimized Imatinib administration returned by CT4TD for patient 0001 00004

AJR from Michor et al. (2005), in the cases of: 1-dose/day (blue) and 3-doses/day (green), with respect to: lower-bound target concentration Ctarg = 0.57 [mg/L]

(A–D), and optimal target concentration Ctarg = 1 [mg/L] (E–H). Standard administration—i.e., 400 mg Imatinib/day—is shown with a red dashed line. In this case,

the optimization is obtained on patient-specific PK parameters, without considering the PD models. (A,E) Imatinib scheduled dosage in mg (y axis), displayed on 14

days (x axis). (B–F) Imatinib concentration in blood in [mg/L] (y axis). (C–G) Variation of the cumulative distances between the observed concentration and the

selected target in time. (D–H) Temporal variation of the AUC in [mg · h/L].

longitudinal data on tumor burden with a hierarchical model of
cancer population dynamics4.

4Notice that any arbitrary ODE mathematical model could be employed, as long

it is effective in representing the phenomenological properties of the disease (e.g.,

multi-stable states), and that sufficient and adequate data are available to estimate

its parameters.

In particular, we fitted each patient’s data with a biphasic
exponential, which in log-scale describes the presence of two
straight lines with distinct slopes, as proposed by Michor et al.
(2005), Tang et al. (2011), and Olshen et al. (2014) (see section
3 for further details). With a few assumptions, the slope of such
lines can be used to estimate the parameters of a 2-compartment
population dynamics model of CML and, in particular, the
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FIGURE 4 | Patient-specific PD models. (A) personalized PD curves obtained from Equation (10) by using Emax = 1 and n = 1 for all patients, and distinct values of

EC50, based on the death rate of cancer stem cells, as estimated from longitudinal data on tumor burden; x axis (Log10 scale) describes the concentration in the range

C ∈ [0, 1.2] [mg/L], on y axis the efficiency E is displayed. The solid blue curves correspond to the 18 distinct male patients included in the dataset and the solid pink

curves correspond to the 4 distinct female patients and the dashed red curve represents the population-average pharmacodynamics. (B) Heat-map returning the

variation of efficiency E, computed via Equation (10), with respect to distinct parameters of the PK model—i.e., patient-specific time-average concentration C̄ (y

axis)—and of the PD model—i.e., patient-specific EC50 (x axis). Red triangles represent the 22 patients in the dataset.

FIGURE 5 | Assessment of term weights in cost function definition. The definition of the cost function for the adjusting treatment scenario requires to set the weights

of the different terms. We here considered two terms, in order to: (i) minimize the tumor burden (weight W1), and (ii) minimize the AUC (weight W2) (see section 3 for

further details). We scanned the values of φ =
W1
W2

in the range [10, 100], by repeatedly applying the CT4TD framework to the 22-patients CML dataset from Michor

et al. (2005). (A) Distribution of the value of the AUC after 14-days of the optimized therapy retrieved by CT4TD (1-dose case), for distinct values of φ, with respect to

the 22 samples in the datasets, divided in males (blue) and females (pink), and compared to the average AUC values returned by standard administration (400 mg

Imatinib/day) in males (red solid line) and females (red dashed line). (B) Distribution of efficiency computed via Equation (10) on the time-average concentration over 14

days of the optimized therapy retrieved by CT4TD (1-dose case), for distinct values of φ, and compared to the average efficiency in the standard administration

scenario (solid and dashed red lines overlap).

(stem) cancer subpopulation death rate in presence of a standard
Imatinib therapy—i.e., 400 mg per day—in each patient. This
allows to estimate the patient-specific parameters of the PD
model. The results of the data analysis on all patients are
presented in Table S3 and in Figures S4–S6. In Figure 4A, one
can see the personalized PD curves for the 22 patients, computed
via Equation (10), as compared to the average one.

We also assessed the relative relevance of the personalized
parameters of the PD and PK models with respect to the
efficacy of the therapy. The heat-map in Figure 4B returns the
variation of the efficacy with respect to combination of time-
average concentration C̄ and EC50, highlighting the personalized
parameters of the 22 patients. As a first result, one can see that
much of the variance in our dataset is due to differences in PK,
rather than to PD, which however is still relevant. Notice also that
the two visible clusters basically overlap with the male and the

female groups, providing a possible explanation of the distinct
therapeutic response observed in clinical studies (Branford et al.,
2013). We stress that the estimation of personalized PD models
from experimental data of patients under treatment is one of
the major novelties of our approach, and, in combination with
the demographics-based PK models, allow to identify patient-
specific therapeutic regimes that are optimized to minimize the
tumor burden.

In order to identify personalized optimized therapies, we
finally defined a cost function with the goals of: (i) maximizing
the reduction of the tumor burden, and (ii) minimizing the
toxicity and possible AEs, in terms of AUC (see section 3 for
further details). Such cost function requires to set opportune
weightsW1 andW2 for the two terms, respectively. In particular,
a parameter φ =

W1
W2

is defined, which can be opportunely tuned
to favor either the first or the second term. However, the choice
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FIGURE 6 | Adjusting therapy for tumor burden minimization. Imatinib administration optimized for tumor burden minimization in patient 0001 00004 AJR (male) from

Michor et al. (2005), in the cases of: 1-dose/day (purple) and 3-doses/day (green), with φ = 60, as compared to standard administration (red). In this case, the

optimization is obtained on patient-specific PK and PD models. (A) Imatinib scheduled dosage in mg (y axis), displayed on 14 days (x axis). (B) Imatinib concentration

in blood in [mg/L] (y axis). (C) Temporal variation of the AUC in [mg · h/L] (y axis). (D) Longitudinal data points on tumor burden recorded in the interval t ∈ [0, 2340]

days (purple). The best fit is shown with red lines. The slope of the right-most line is used to determine the cancer stem cell death rate and, in turn, the patient-specific

PD parameters. The blue (green) line represents the predicted cancer subpopulation decay in case the 1-dose (3-doses) optimized therapy was adopted from day

2, 340 to day 3, 500.

of a specific value for φ is arbitrary and depends on subjective
research and clinical criteria.

To investigate the sensitivity of our framework to the variation
of this parameter, we repeatedly applied the CT4TD framework
to the CML dataset, by scanning various values of φ, and
eventually assessed the differences in: (i) the time-average AUC as
computed on a 14-days temporal window, and (ii) the efficiency
computed on the time-average concentration in the same period,
with respect to a 1-dose optimization scenario (the 3-doses
scenario can be found in Figure S50). In Figure 5, one can see
the distribution of both quantities with respect to the 22 patients
in the dataset, divided in males (blue) and females (pink), as
compared to the average AUC and efficiency for the standard
administration case (red).

A first important thing to notice is that the results are highly
sensitive with respect to the choice of φ, and can either display
improvements (e.g., higher AUC and/or lower efficiency) or
worsening with respect to the standard case in distinct cases.
Moreover, male and female groups show significantly different
distributions, thus pointing at physiological differences that
should be considered in therapy design. As a rule-of-thumb, we
suggest to select a value of φ for which a slightly larger value of
efficiency is observed, while not inducing a too high increase in

AUC. In our case, we selected a value of φ equal to 60 for men
and of 75 for women.

In Figures 6A–D, we show the comparison among the actual
therapeutic regime administered to a selected patient (n.0001
00004 AJR, male—code ID in Table S3) and the optimized
therapies identified via CT4TD by setting φ = 60, in both 1-dose
(blue) and 3-doses (green) scenarios, in terms of: (i) drug dosage,
(ii) drug concentration, (iii) AUC, and (iv) variation of the tumor
burden in time. In particular, the temporal evolution of the tumor
burden from diagnosis to the present is displayed by showing the
experimental data points (purple) and the best fit (red), whereas
the predicted future evolution is shown with respect to the 1-dose
(blue) and the 3-doses (green) optimized strategies.

A result is that, given similar AUC curves (i.e., similar toxicity
and AEs), both the 1-dose and the 3-doses optimized strategies
lead to a significantly faster predicted tumor burden decay. In
particular, the tumor burden decay is, respectively 3.07 and 1.82
times faster for the 1-dose and the 3-doses regimes, with respect
to standard administration. This result paves the way for an
automated strategy for therapy adjustment design, which might
be further developed by employing closed-loop controllers.

In Figures S29–S49, one can find the results of the analyses on
the other 21 patients included the dataset.
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FIGURE 7 | Robustness analysis with respect to intra-patient variability. Intra-patient variability is here defined as stochastic noise randomly picked in the uniform

distribution χr = [−σr , σr ] and applied to distinct PK parameters. In particular, we here show the average and the standard deviation of the relative variation of the cost

1L/L0, with respect to distinct levels of noise, in the cases: r = ka (A), r = v in (B), and r = CL (C). Values of the fit are provided in Table S5.

4.5.1. Robustness Analysis
In order to assess the reliability of the results produced by
CT4TD, we tested its robustness with respect to intra-patient
variability and to possible systematic errors. To account for intra-
patient variability, we introduced a stochastic and uniformly
distributed noise, i.e., χr = [−σr , σr] with r = ka,CL, v, to
the following parameters of the PK model: ka, CL, and v, for
every time point in the analysis. We performed 700 distinct PK
simulations, on the average patient, in the specific scenario of a
target concentrationCtarg(t) = 0.57 [mg/L] and 1 dose per day.
We then analyze the relative variation of the average cost 1L,
as compared to the noise-free case, with respect to the width of
the distribution of noise σr . In Figure 7, one can notice that 1L
variation with respect to the noise level follows an approximately
quadratic trend, which is proven by fitting the data points with a
curve with equation b + aσ 2

r (the complete results of the fit are
provided in Table S5). Note that such results are in agreement
with other works that use quantum optimal control (Montangero
et al., 2007; Kallush et al., 2014; Hoeb and et al., 2017). We
performed a further robustness analysis, to assess the impact of
systematic errors, as those possibly due to scarce reliability of
the demographic study and/or to small or imbalanced datasets,
and which may result in errors in the estimation of the PK
parameters. To this end, we generated an optimized schedule
for a set of PK parameters {ka,CL, v} and then we applied such
schedule to a simulated patient where a parameter at time is

FIGURE 8 | Robustness analysis with respect to systematic errors. Relative

variation of the cost 1L/L0 with respect to the relative value of the systematic

error δka /ka.

different, e.g., {k′a,CL, v} with k
′
a = ka+ δka . We finally measured

the difference of 1L, as a function of δka . Also in this case,
we show in Figure 8 that the results produced by CT4TD are
robust with respect to possible technical or measurement errors.
In fact, with respect to an error of ≈ ±30%, we observe a
maximum difference ≈ 10% in performance, as compared to the
noise-free case.
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5. DISCUSSION

The introduction of the CT4TD framework aims at providing
an automated and data-driven procedure for decision support in
health care and personalized therapy design in cancer, especially
by exploiting the increasing available computational power,
which allows one to perform large-scale simulations and efficient
search in the parameter space, and to deal with noisy and
imperfect data.

In particular, CT4TD aims at overcoming the limitations
of current control-based methods for therapeutic hypothesis
generation. First, its completely general theoretical approach
allows to consider: (i) any disease for which a PK/PD model
can be derived and its parameters measured, (ii) any kind of
administration, e.g., continuous drug infusion or discrete doses,
(iii) any measurable term that is considered as relevant in the
definition of a therapeutic cost. CT4TD eventually allows to
evaluate in silico the outcome of the designed therapy.

Furthermore, CT4TD introduces the possibility of designing
optimized therapeutic strategies based on experimental data
concerning the disease progression. The identification of data-
based patient-specific PK/PDmodels is one of themajor novelties
of CT4TD and has a profound impact on the characterization of
tumor heterogeneity and, accordingly, on the customization of
cancer therapies.

One of the main limitations of CT4TD derives from the
adoption of highly simplified models of cancer population
dynamics. Unfortunately, the shortage of adequate longitudinal
data on tumor dynamics prevents to estimate the parameters
of more sophisticate and biologically realistic models, which
may take into account, for instance, the existence of various
competing cancer subpopulations, or the complex interplay
occurring within the tumor microenvironment. However, we
claim that our theoretical approach is completely general and
it will hold whether and when higher-resolution longitudinal
data on disease progression would become available, allowing for
instance to measure the (sub)clonal prevalence variation in time
(as proposed, e.g., by Acar et al., 2019).

Several developments of CT4TD are underway. In particular,
the possibility of tuning the PK/PD models to include
information on the somatic evolutionary history of the tumors
(Ramazzotti et al., 2015; Caravagna et al., 2016, 2018) will be
essential in delivering more effective personalized therapeutic
strategies. This is especially important for tumors displaying

high levels of intra-tumor heterogeneity, which is known to
be responsible for drug resistance, therapy failure and relapse
(McGranahan and Swanton, 2015).

As CT4TD relies on the RedCRAB optimization framework
(Heck et al., 2018b; Omran et al., 2019), the overall procedure
could be implemented in remote, paving the way for a wireless
decision support system for therapy design, to be used directly
by clinicians (Jeong et al., 2015). In this respect, as a future
development, an open-source computational tool will be made
available to the scientific community, allowing to perform
individual-specific analysis for a wide range of disease.
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Appendix: Code repositories

Variant calling from scRNA-seq Paper P#2

Bash and R scripts to perform the variant calling pipeline from single-
cell RNA-seq data, and reproduce the results presented in the article.
github.com/BIMIB-DISCo/oral sqamous longitudinal

Ramazzotti, D., Angaroni, F., Maspero, D., Ascolani, G., Castiglioni, I., Piazza,
R., Antoniotti, M., & Graudenzi, A.

VirMutSig Papers P#7, P#A1

Protocol to execute the Nextflow variant calling pipeline and the R
scripts for signature discovery and assignment from viral samples.
github.com/BIMIB-DISCo/VirMutSig

Maspero, D., Angaroni, F., Porro, D., Piazza, R., Graudenzi, A., & Ramazzotti,
D.
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MaREA4Galaxy Paper P#3

Galaxy tool for: (i) projection of gene expression data onto metabolic
models, (ii) cluster analysis, (iii) visualization of metabolic maps and
clusters
galaxyproject.org/use/marea4galaxy/
ELIXIR server Code

Damiani, C., Rovida, L., Maspero, D., Sala, I., Rosato, L., Di Filippo, M., Pescini,
D., Graudenzi, A.,Antoniotti, M., & Mauri, G.

MetNet Classification Paper P#4

Jupyter notebook to execute the classification of cancer samples from
the topological features of weighted metabolic networks, via machine
learning approaches.
github.com/BIMIB-DISCo/MET-NET-CLASSIFICATION

Machicao, J.,Craighero, F., Maspero, D., Angaroni, F., Damiani, C., Graudenzi,
A., Antoniotti, M. & Bruno, O. M.

LACE Paper P#5

R package of the LACE framework for the reconstruction of models of
single-tumor evolution from longitudinal single-cell data (available on
Bioconductor), and repository to reproduce the analyses presented in
the article.
bioconductor.org/packages/release/bioc/html/LACE.html
github.com/BIMIB-DISCo/LACE-UTILITIES

Ramazzotti, D., Angaroni, F., Maspero, D., Ascolani, G., Castiglioni, I., Piazza,
R., Antoniotti, M., & Graudenzi, A.

https://galaxyproject.org/use/marea4galaxy/
http://212.189.205.51/galaxy
https://toolshed.g2.bx.psu.edu/view/bimib/marea/84da46340c39
https://github.com/BIMIB-DISCo/MET-NET-CLASSIFICATION
http://www.bioconductor.org/packages/release/bioc/html/LACE.html
https://github.com/BIMIB-DISCo/LACE-UTILITIES
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VERSO Paper P#6

R package of the VERSO framework for the characterization of viral
evulution from deep sequencing data of viral samples (available on Bio-
conductor), and repository to reproduce the analyses presented in the
article.
bioconductor.org/packages/release/bioc/html/VERSO.html
github.com/BIMIB-DISCo/VERSO-UTILITIES

Ramazzotti, D., Angaroni, F., Maspero, D., Gambacorti-Passerini, C., Antoniotti,
M., Graudenzi, A., & Piazza, R.

COB tree Section 3.2.1.1

R script to execute the COB tree algorithm for phylogenetic inference,
and to reproduce the preliminary results on simulations.
github.com/DavideMaspero/COBtree

Maspero, D., Angaroni, F., Patruno, L., Ramazzotti, D., Graudenzi, A., &
Posada, D.

FBCA Papers P#8, P#9, P#10

Matlab script for the simulation of the Flux Balance Cellular Automata
framework.
github.com/DavideMaspero/FBCA

Maspero, D., Angaroni, F., Patruno, L., Ramazzotti, D., Graudenzi, A., &
Posada, D.

http://www.bioconductor.org/packages/release/bioc/html/VERSO.html
https://github.com/BIMIB-DISCo/VERSO-UTILITIES
https://github.com/DavideMaspero/COBtree
https://github.com/DavideMaspero/FBCA
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[157] T. Höfer and H.-R. Rodewald. “Differentiation-Based Model of Hematopoietic
Stem Cell Functions and Lineage Pathways”. In: Blood 132.11 (Sept. 13, 2018),
pp. 1106–1113. doi: 10.1182/blood-2018-03-791517.

[158] G. La Manno et al. “RNA Velocity of Single Cells”. In: Nature 560.7719 (7719
Aug. 2018), pp. 494–498. doi: 10.1038/s41586-018-0414-6.

[159] L. McInnes et al. “UMAP: Uniform Manifold Approximation and Projection”.
In: Journal of Open Source Software 3.29 (Sept. 2, 2018), p. 861. doi: 10.21105/
joss.00861.

[160] NCBI Resource Coordinators. “Database Resources of the National Center for
Biotechnology Information”. In: Nucleic Acids Research 46.D1 (Jan. 4, 2018),
pp. D8–D13. doi: 10.1093/nar/gkx1095.

[161] J. E. O’Reilly and P. C. J. Donoghue. “The Efficacy of Consensus Tree Methods
for Summarizing Phylogenetic Relationships from a Posterior Sample of Trees
Estimated from Morphological Data”. In: Systematic Biology 67.2 (Mar. 1, 2018),
pp. 354–362. doi: 10.1093/sysbio/syx086.

https://doi.org/10.1007/978-1-4939-7834-2_10
https://doi.org/10.1145/3233547.3233584
https://doi.org/10.1016/j.jbi.2018.09.010
https://doi.org/10.1016/j.jbi.2018.09.010
https://doi.org/10.1093/bioinformatics/bty407
https://doi.org/10.1093/bioinformatics/bty407
https://doi.org/10.1101/gr.234062.117
30061114
https://doi.org/10.1182/blood-2018-03-791517
https://doi.org/10.1038/s41586-018-0414-6
https://doi.org/10.21105/joss.00861
https://doi.org/10.21105/joss.00861
https://doi.org/10.1093/nar/gkx1095
https://doi.org/10.1093/sysbio/syx086


BIBLIOGRAPHY 279

[162] E. Papalexi and R. Satija. “Single-Cell RNA Sequencing to Explore Immune Cell
Heterogeneity”. In: Nature Reviews Immunology 18.1 (1 Jan. 2018), pp. 35–45.
doi: 10.1038/nri.2017.76.

[163] F. Rambow et al. “Toward Minimal Residual Disease-Directed Therapy in
Melanoma”. In: Cell 174.4 (Aug. 9, 2018), 843–855.e19. doi: 10.1016/j.cell.
2018.06.025.

[164] S. L. Salzberg. “Open Questions: How Many Genes Do We Have?” In: BMC
Biology 16.1 (Aug. 20, 2018), p. 94. doi: 10.1186/s12915-018-0564-x.

[165] A. Sharma et al. “Longitudinal Single-Cell RNA Sequencing of Patient-Derived
Primary Cells Reveals Drug-Induced Infidelity in Stem Cell Hierarchy”. In: Nature
Communications 9.1 (1 Nov. 22, 2018), p. 4931. doi: 10.1038/s41467- 018-
07261-3.

[166] B. E. Slatko, A. F. Gardner, and F. M. Ausubel. “Overview of Next-Generation
Sequencing Technologies”. In: Current Protocols in Molecular Biology 122.1
(2018), e59. doi: 10.1002/cpmb.59.

[167] L. Valihrach, P. Androvic, and M. Kubista. “Platforms for Single-Cell Collection
and Analysis”. In: International Journal of Molecular Sciences 19.3 (3 Mar. 2018),
p. 807. doi: 10.3390/ijms19030807.

[168] F. A. Wolf, P. Angerer, and F. J. Theis. “SCANPY: Large-Scale Single-Cell Gene
Expression Data Analysis”. In: Genome Biology 19.1 (Feb. 6, 2018), p. 15. doi:
10.1186/s13059-017-1382-0.

[169] N. Aguse, Y. Qi, and M. El-Kebir. “Summarizing the Solution Space in Tu-
mor Phylogeny Inference by Multiple Consensus Trees”. In: Bioinformatics 35.14
(July 15, 2019), pp. i408–i416. doi: 10.1093/bioinformatics/btz312.

[170] L. Allen, A. O’Connell, and V. Kiermer. “How Can We Ensure Visibility and
Diversity in Research Contributions? How the Contributor Role Taxonomy
(CRediT) Is Helping the Shift from Authorship to Contributorship”. In: Learned
Publishing 32.1 (Jan. 2019), pp. 71–74. doi: 10.1002/leap.1210.

[171] D. Aran et al. “Reference-Based Analysis of Lung Single-Cell Sequencing Re-
veals a Transitional Profibrotic Macrophage”. In: Nature Immunology 20.2 (2
Feb. 2019), pp. 163–172. doi: 10.1038/s41590-018-0276-y.

[172] I. Arozarena and C. Wellbrock. “Phenotype Plasticity as Enabler of Melanoma
Progression and Therapy Resistance”. In: Nature Reviews Cancer 19.7 (7 July
2019), pp. 377–391. doi: 10.1038/s41568-019-0154-4.

https://doi.org/10.1038/nri.2017.76
https://doi.org/10.1016/j.cell.2018.06.025
https://doi.org/10.1016/j.cell.2018.06.025
https://doi.org/10.1186/s12915-018-0564-x
https://doi.org/10.1038/s41467-018-07261-3
https://doi.org/10.1038/s41467-018-07261-3
https://doi.org/10.1002/cpmb.59
https://doi.org/10.3390/ijms19030807
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1093/bioinformatics/btz312
https://doi.org/10.1002/leap.1210
https://doi.org/10.1038/s41590-018-0276-y
https://doi.org/10.1038/s41568-019-0154-4


280 BIBLIOGRAPHY

[173] J. Bageritz and G. Raddi. “Single-Cell RNA Sequencing with Drop-Seq”. In:
Single Cell Methods: Sequencing and Proteomics. Ed. by V. Proserpio. Methods
in Molecular Biology. New York, NY: Springer, 2019, pp. 73–85. isbn: 978-1-4939-
9240-9. doi: 10.1007/978-1-4939-9240-9_6.

[174] K. Chkhaidze et al. “Spatially Constrained Tumour Growth Affects the Patterns
of Clonal Selection and Neutral Drift in Cancer Genomic Data”. In: PLOS Com-
putational Biology 15.7 (July 29, 2019), e1007243. doi: 10.1371/journal.pcbi.
1007243.

[175] C. Damiani et al. “Integration of Single-Cell RNA-seq Data into Population Mod-
els to Characterize Cancer Metabolism”. In: PLOS Computational Biology 15.2
(Feb. 28, 2019), e1006733. doi: 10.1371/journal.pcbi.1006733.

[176] R. Diaz-Uriarte and C. Vasallo. “Every Which Way? On Predicting Tumor Evo-
lution Using Cancer Progression Models”. In: PLOS Computational Biology 15.8
(Aug. 2, 2019), e1007246. doi: 10.1371/journal.pcbi.1007246.

[177] P. B. Gupta et al. “Phenotypic Plasticity: Driver of Cancer Initiation, Progression,
and Therapy Resistance”. In: Cell stem cell 24.1 (2019), pp. 65–78.

[178] D. C. Hinshaw and L. A. Shevde. “The Tumor Microenvironment Innately Modu-
lates Cancer Progression”. In: Cancer Research 79.18 (Sept. 15, 2019), pp. 4557–
4566. doi: 10.1158/0008-5472.CAN-18-3962. pmid: 31350295.

[179] S.-R. Hosseini et al. “Estimating the Predictability of Cancer Evolution”.
In: Bioinformatics 35.14 (July 15, 2019), pp. i389–i397. doi: 10 . 1093 /
bioinformatics/btz332.

[180] J. E. Jansen et al. “Combining Mathematical Models With Experimentation to
Drive Novel Mechanistic Insights Into Macrophage Function”. In: Frontiers in
Immunology 10 (2019), p. 1283. doi: 10.3389/fimmu.2019.01283.

[181] K. E. Johnson et al. “Cancer Cell Population Growth Kinetics at Low Densities
Deviate from the Exponential Growth Model and Suggest an Allee Effect”. In:
PLOS Biology 17.8 (Aug. 5, 2019), e3000399. doi: 10.1371/journal.pbio.
3000399.

[182] K. R. Kumar, M. J. Cowley, and R. L. Davis. “Next-Generation Sequencing and
Emerging Technologies”. In: Seminars in Thrombosis and Hemostasis 45.7 (Oct.
2019), pp. 661–673. doi: 10.1055/s-0039-1688446.

[183] Q. Li et al. “A Bayesian Hidden Potts Mixture Model for Analyzing Lung Can-
cer Pathology Images”. In: Biostatistics (Oxford, England) 20.4 (Oct. 1, 2019),
pp. 565–581. doi: 10.1093/biostatistics/kxy019. pmid: 29788035.

https://doi.org/10.1007/978-1-4939-9240-9_6
https://doi.org/10.1371/journal.pcbi.1007243
https://doi.org/10.1371/journal.pcbi.1007243
https://doi.org/10.1371/journal.pcbi.1006733
https://doi.org/10.1371/journal.pcbi.1007246
https://doi.org/10.1158/0008-5472.CAN-18-3962
31350295
https://doi.org/10.1093/bioinformatics/btz332
https://doi.org/10.1093/bioinformatics/btz332
https://doi.org/10.3389/fimmu.2019.01283
https://doi.org/10.1371/journal.pbio.3000399
https://doi.org/10.1371/journal.pbio.3000399
https://doi.org/10.1055/s-0039-1688446
https://doi.org/10.1093/biostatistics/kxy019
29788035


BIBLIOGRAPHY 281

[184] G. Lightbody et al. “Review of Applications of High-Throughput Sequencing in
Personalized Medicine: Barriers and Facilitators of Future Progress in Research
and Clinical Application”. In: Briefings in Bioinformatics 20.5 (Sept. 27, 2019),
pp. 1795–1811. doi: 10.1093/bib/bby051.

[185] F. Liu et al. “Systematic Comparative Analysis of Single-Nucleotide Variant De-
tection Methods from Single-Cell RNA Sequencing Data”. In: Genome Biology
20.1 (Nov. 19, 2019), p. 242. doi: 10.1186/s13059-019-1863-4.

[186] M. D. Luecken and F. J. Theis. “Current Best Practices in Single-Cell RNA-seq
Analysis: A Tutorial”. In: Molecular Systems Biology 15.6 (2019), e8746. doi:
10.15252/msb.20188746. eprint: https://www.embopress.org/doi/pdf/10.
15252/msb.20188746.

[187] M. Mahmoud et al. “Structural Variant Calling: The Long and the Short of It”.
In: Genome Biology 20.1 (Nov. 20, 2019), p. 246. doi: 10.1186/s13059-019-
1828-7.

[188] J. Metzcar et al. “A Review of Cell-Based Computational Modeling in Cancer
Biology”. In: JCO Clinical Cancer Informatics 3 (Dec. 1, 2019), pp. 1–13. doi:
10.1200/CCI.18.00069.

[189] M. A. Myers, G. Satas, and B. J. Raphael. “CALDER: Inferring Phylogenetic
Trees from Longitudinal Tumor Samples”. In: Cell Systems 8.6 (June 26, 2019),
514–522.e5. doi: 10.1016/j.cels.2019.05.010.

[190] K. Nakayama and N. Kataoka. “Regulation of Gene Expression under Hypoxic
Conditions”. In: International Journal of Molecular Sciences 20.13 (July 3, 2019),
E3278. doi: 10.3390/ijms20133278. pmid: 31277312.

[191] A. S. Nam et al. “Somatic Mutations and Cell Identity Linked by Genotyping
of Transcriptomes”. In: Nature 571.7765 (7765 July 2019), pp. 355–360. doi:
10.1038/s41586-019-1367-0.

[192] D. Ramazzotti et al. “Learning Mutational Graphs of Individual Tumour Evo-
lution from Single-Cell and Multi-Region Sequencing Data”. In: BMC Bioinfor-
matics 20.1 (Apr. 25, 2019), p. 210. doi: 10.1186/s12859-019-2795-4.
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