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Abstract

Heterogeneity pervades biological systems and manifests itself in the structural and
functional di erences observed both among di erent 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 de nition of
e ective 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 e ectively characterise viral evolution
and its heterogeneity. The research is divided into two complementary portions, the
rst aimed at de ning 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 rst 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 de ne computational methods to
extract useful information from such data, taking into account the high levels of data-
speci ¢ 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 pro les 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 uxes within a population of cells via a ux bal-
ance analysis approach. Regarding the analysis of mutational pro les, the rst 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 pro les to reconstruct robust phylogenies and likely
chains of infection has been developed by analysing sequencing data from viral samples.
The same mutational pro les also allow us to deconvolve the signal in the signatures
associated with speci ¢ 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 rst 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.



Introduction

Living beings can be considered asomplex systemsbecause 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,i{) they usually lack a central control and
show patterns of self-organization, ¢) their emerging dynamical behaviour is charac-
terized by spontaneous order and metastable states,v{) they are typically robust to
perturbations [65].

For the same reason, all components of multicellular systems, i.ecells, are complex
systems themselves, and so are all thensemblesof biological entities that de ne 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 de nition ofcomplex systems biology
[31, 129]. Notice also that a signi cant portion of the so-callednetwork sciencehas been
focused on the characterization of the static and dynamical features of the various omics
layers, leading to the identi cation of many universal properties and regularities [60].

Within this lively scienti ¢ eld, 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 ne characterization of
complex biological systems and phenomena. In this work, | describe the attempts of
designing computational methods to this end, with a speci c 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 di erent 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 de nes 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 a airs, and which is observed in
most biological systems, is the emergence dfeterogeneity 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 di erentiation. For in-
stance, during embryogenesis, from a single egg cell, an entire organism is progressively
generated [222], driven by ne-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 di erenti-
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 di erent 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, anttmporal, 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 di erent
viral subpopulations known asquasispeciesoexist 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 di erences 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 re ects into the di erent hierarchical layers of a biological system, i.e., the omics
layers.

Omics layers.  In brief, the genomecan be considered the base-level of the organization
of a biological system, as it is de ned as the ensemble of all genes (i.e., roughly, the
portions of DNA that encode for speci c 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 genotypeof 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 speci c
genes. This hierarchy is e ectively described by the so-called uni ed 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 metabolomeis 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 de nes 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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e ect of its environment” . Following this de nition, 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 di erent 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 ne 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 di erent scienti ¢ disciplines, including computer and data science, especially
thanks to the increasing availability of omics datasets via high-throughput technologies.

In fact, di erent 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 pro ling, 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 e ectively 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, | have focused on the de nition 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: {) methods for omics data analysis and integration
(bottom-up strategies), and (i) multiscale modelling and simulation (top-down strate-

gies).
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1.2.1 Methods for omics data analysis and integration

The rst 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 di erent biological layers. In this work, | have focused
on methods aimed at exploiting either: () gene expression pro les or {i) mutational
pro les.

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

Bulk data can be exploited to perform many di erent analyses, among which Dif-
ferential Gene Expression, which is applied to detect signi cant changes in the gene
expression in di erent conditions [190] or individuals [100]. Gene expression pro les
can also be used to stratify patients to characterize their diseases [125], to retrieve spe-
Ci C 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 di erent
cell types or cancer cells in a given sample by deconvolving the gene expression signal
into cell type-speci c signatures [116].

Single-cell data can be used with similar purposes, but instead of considering the
di erence 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 speci ¢ expression signatures to distinguish di erent cell types [171,
246], or can allow one to extract a temporal ordering of their di erentiation 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 di erent 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 proles for: (i) the reconstruction of the evolutionary
history of a biological system or (i) 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 ofpopulation-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 pro les, 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) pro les, 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 nally 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
in ate data with false positives, false negatives and missing values. So, statistical
inference approaches need to be speci cally designed to retrieve consistent results from
such noisy data type. For instance, the method SCITE [113] maximizes a likelihood
function to nd the evolution model that best ts the input single-cell mutational
pro les, by assuming the so-called In nite 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 pro les can also provide information about the molecular
mechanisms underlying their origination. In fact, many harmful mechanisms and the
subsequent speci c DNA repair processes generate speci ¢ 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 di erences, 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, 24Q].

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

1.2.2 Multiscale modelling and simulation of multicellular systems

The second category involves methods aimed atodelling 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 regardi)(highly-
detailed models and (i ) simpli ed/abstract models.

Notice that the chosen classi cation is functional to the aim of the thesis. However,
mathematical models could be more formally classi ed with a di erent 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 de ne and tune the
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parameters of a corresponding in-silico model to nely replicate its static and
dynamical properties.

To mention a few examples in this sphere, some methods employ deterministic for-
mulations (either via Ordinary Di erential Equations or Partial Di erential 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 e ective 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 Di erential Equations and Master Equations are one
the most e ective 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 speci ¢ scenarios. For example,
cellular metabolism can be simulated with such approach and ux 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 e ective 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 simpli ed 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 incomplex systems sciencand statistical physics

Notable examples in this respect were provided by the many works of Stuart Kau -
man and epigones, which modelled gene regulation via highly-simpli ed Boolean
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network models, yet leading to the identi cation 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 e ective in cancer research. In fact, many as-
pects of cancer progression, such as accumulation of mutations during cell division,
can be e ectively modelled with highly simpli ed 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 di erent spatial and temporal scales (e.g., the gene regulation and the cell pop-
ulation dynamics) can be coupled in a unique simulation framework, that ofmultiscale
modelling and simulation [73]. A wide and increasing number of multiscale models cur-
rently exist, typically referred to specic (sub)systems, such as tissues or organs like
the neuromuscolar system [193], complex processes like bone healing [117], or to specic
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 su ciently so-
phisticated model could predict complex, multi-network phenotypes such as the e cacy
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 o -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 nally highlight that, in the choice of any suitable modelling framework, there
exists a harsh trade-o 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 tting. 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, | de ned 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 e ective 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-o 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 su ciently expressive avoiding the concurrent ex-
plosion of the parameter space. The search for the optimal trade-o is one of the key
challenges faced during the de nition 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 de nition of e ective 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 pro le 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 e ect). One of the
key challenges lies in the de nition 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 classi cation

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 classi -
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 pro les 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.qg., 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 speci cally 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 e ective 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 xed), 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) Identi cation of mutational signatures of viral samples.

Mutational signature detected in cancer samples highlight speci ¢ 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
de nition of e ective 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 pro les, (ii) the transcriptome states, and (jii )
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 ner 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
work ow managers, like Next ow [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 e ciency 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, {ii ) 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 nd the references to the code repositories.

~

Omics data preprocessing pipelines (Chapter 2)

Mutational pro les 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], | have implemented
a novel pipeline to retrieve somatic mutation pro les 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 di erently
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 di erent conditions.

A further work, included in the Appendix 1, concerns the de nition 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 Next ow 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 pro les. In [154] we proved that is possible to extract trans-
lational knowledge from RNA-seq datasets projecting gene expression pro les 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 pro les. As a result, just a few key topological features are
su cient to provide good classi cation 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 (hamed 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 proles { 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 rst computational
method explicitly designed to handle single-cell mutational pro les 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 de ned 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 e ective with mutation pro les
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 pro les { viral samples. Most phylogenomic and phylodynamic
studies on the evolution and di usion 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 rst exploits the pro les
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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 pro les of low-frequency mu-
tations to characterize intra-host heterogeneity and retrieve a ne-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 di erent
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-specic 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 di erent 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 dierent 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 e ectiveness of the modelling approach.

In paper P#9, we improved the representation of the microenvironment, by mod-
elling nutrients di usion 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 e orts were devoted to improve the overall scalability of the multi-
scale model. In fact, FBCA is coded in Matlab, an e cient programming language
to handle matrix calculation. Speci cally, 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 exible framework that is suitable for the integration with single-cell
transcriptome data. Therefore, to Il 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 de nition 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 Atrticles

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].

*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. Brie ngs 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

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
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Paper #Al 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.cshj.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 Classication of Cancer Samples Current Ge-
nomics 22.2 (2021), pp. 88{97. doi:10.2174/1389202922666210301084151

CRediT: Conceptualization, Data Curation, Visualization
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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, ., 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 quanti cation 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 larger
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
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*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

Maspero, D, Damiani, C., Antoniotti, M., Graudenzi, A., Di Filippo, M., Vanoni,
M., Caravagna, G., Colombo, R., Ramazzotti, D., and Pescini, D.The In uence
of Nutrients Di usion 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

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, lItaly, Sept. 2019.

CRediT: Conceptualization, Formal analysis, Investigation, Methodology, Soft-
ware, Resources, Visualization, and Writing - Original Draft
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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
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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 speci ¢ 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
modi cation, including the speci c reference numbering, which is di erent 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 nal 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.



1.6 Abbreviation list

25

1.6 Abbreviation list

Abbreviation Description

CCF Cancer Cell Fraction
CML Chronic Myeloid Leukemia
CcoB Consensus Optimum Branching
CPM Cellular Potts Model
DEG Di erential Expressed Gene
FACS Fluorescence-Activated Cell Sorted
FBA Flux Balance Analysis
FBCA Flux Balance Cellular Automata
FN False-Negative
FP False-Positive
ISA In nite 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






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 pro le 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#AL).

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 work ows
and best practices [127, 182]. For example, while the rst human genome required years
to be sequenced, at stellar costs, howadays 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 work ow 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 (ChlP-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 speci ¢ focus on RNA sequencing technologies evolution.

Speci cally, 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 §) 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 di erential gene
expression analyses, by comparing di erent 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 o ers 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 brie y sketched.

1. Library preparation. The procedure starts from the extraction and puri cation
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.,
lllumina 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 les reporting the
reads (i.e., strings of nucleotides detected) and the corresponding quality scores.
For more technical details on the le 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) le or its compressed format known as BAM
(i.e., Binary Alignment Map le) [37]

The starting biological material is usually abundant enough to require few ampli ca-
tion cycles. So, many issues present in single-cell data (e.g., ampli cation 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 micro uidic-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 pro le 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: () full-length (e.g., Smarter and
Smartseq?2) [84], and {i ) UMI-based (e.g., Drop-seq and CEL-seq) protocols [51, 173].

The principal di erence 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 brie y 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 su er of stress or
even damages, which can re ect on their expression pro les.
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2. Cell isolation.  Cells isolation is performed via di erent techniques depending
on the choice of the protocol. They can be grouped inplate-basedor 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 micro uidic sorter (e.g., Fluidigm C1 [152]) or
via ow cytometry approaches. The number of cells collected ranges between 96
up to 800, which remain isolated until sequencing. Droplet-based techniques use
a speci ¢ 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
mMRNAs that are fragmented and ampli ed before sequencing. This is the main
di erence 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 speci cally 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 identi er 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 di erences are reported below, which depend on
the protocols. Usually, full-length sequencing protocols return one FASTQ le for every
single cell. Instead, the UMI-base ones return a unique FASTQ le that must be demul-
tiplexed into speci ¢ single cells, considering their identi ers. 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 di erences 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 uidigm 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 le obtained from full-length protocol have to be further processed to
reduce ampli cation 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 ampli cation bias
using a Unique Molecular Identi er 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 di erences with respect to the methods described above. Most

of the experiments are executed applying the Sanger sequencing technology [252]. This
method returns the consensussequence 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 di erent 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
ampli ed by applying speci ¢ primers, avoiding human genetic material contamination,
and by increasing the speci city of the RNA selected. The library prepared is then
sequenced via lllumina or other technologies, with single-end or paired-end layouts. For
additional details and other available sequencing methods, please refer to [230].

The work ow to obtain BAM les is similar to that applied to bulk or single-cell
experiments. In the following, the main di erences 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 di erences 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 ve 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 identi ed as
closely related genomes to SARS-CoV-2 [208]
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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 les, 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 e ective 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 pro les
From BAM files to read count matrix

The reads mapped in each BAM le 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 pro les comparable (i.e., between
sample normalization). In particular, the aim is to reduce biases due to di erent library
sizes (i.e., di erent 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 pro les 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 gure 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 di erences. First, the bulk matrix includes fewer non-
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expressed genes (18%) 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 in ated due to
technical errors (i.e., capture e ciency, ampli cation bias, sequencing depth, and batch

e ect), 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 pro les.
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 a ect 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 theground-true expression pro les. Real-world datasets are also used to test
the performances and to highlight the possible di erences.

In particular, four di erent computational tasks were considered in the comparison:
(i) imputation of dropout events, (ii) recovery of the gene expression pro les,i{i ) char-
acterization of cell similarity, and (iv) identi cation of Di erentially Expressed Genes
(DEG). The nal aim is to propose a guideline for researchers to use the best method
based on the speci c 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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2.3 Data type Il: generation of mutational pro les
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 speci ¢ genomic regions, respec-
tively, thus permitting to naturally detect the mutations with respect to a reference
genome. However, even the sequencing technologies designed for di erent purposes,
such as RNA-seq, ATAC-seq or ChlP-seq, generate reads which can be exploited to this
end [56, 242].

In fact, BAM les 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 pairsop), often include
complex genetic rearrangements, and are more di cult 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 speci ¢ 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 reasonSNV, variant, and mutation are used
in our works as synonyms.

After obtaining BAM les, 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) le [45] from each BAM le. The VCF le includes a list of genetic
variations and rich annotations.

We can distinguish two classes of single nucleotide variants:iY 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 de ned 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,
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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 Itered out by genotyping a healthy tissue from the same patient or exploiting
public databases, such as dbSNP [20].

In the next paragraphs, we brie y 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 pro les are di erent.

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 les, 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
work ow can be successfully applied to single-cell data as well.

VCF les 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 pro le.

Single-cell sequencing experiments Reliable mutation proles can be obtained
only from BAM les generated with a full-length protocol, but, in general, it is still not
possible to use BAM les 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. Di erent variant calling methods exist
and have been applied to retrieve mutation pro le 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,
di erent noise sources can a ect this value. Primarily, if RNA-seq data are used, genes
are di erentially expressed, and sometimes, only one chromosome is actively transcribed
(i.e., allele-specic expression [24]). Moreover, genetic aberrations (e.g., loss of het-
erozygosity) or sequencing errors (e.g., allelic dropout) may a ect the fraction of reads
displaying the mutations (also with DNA sequencing experiment). Please, see gure 2.2
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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 work ow, mutations selected after quality control and ltering are binarized,
and considered as either present or absent in a given single cell. Thus, the single-cell
mutational pro le is represented as a binary matrix with cells as rows and mutation as
columns.

Figure 2.2: The gure reports the scRNA-seq reads alignment for ve single cells col-
lected by the authors of [165] and downloaded from Sequence Read Archive (SRA) with
the corresponding identi er. Red arrows highlight the presence of cell-speci ¢ mutations.
In the magni ed 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, | rst 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 di erent variant caller
methods dealing with this particular kind of data, are necessary to prove the reliability
of the mutational pro les retrieved. However, assessing the e ectiveness 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 di erent time points: before therapy administration
(Pri), after the emergence of chemoresistance mechanismBER), 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 pro le to infer the tumour evolution via our computational frame-
work (presented in paper P#5). Unfortunately, during the analyses, we noted that the
mutational pro les 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 identi er of the cell
cultures before sequencing. This mistake may have led to erroneous conclusions, so we
produced aMatter Arising paper to report our analyses and ndings (currently under
review) (paper P#2).

All'in all, we proved the e cacy 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 pro les from
a longitudinal scRNA-seq dataset of patient-derived xenografts (PDXs) of BRAF/600E/K
mutant melanoma cells [163]. The resulting mutational pro les 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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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, di erent vari-
ant calling tools can be applied to retrieve mutation pro les. For examples, VarScan 2
[54] can be applied to produce VCF les 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
re ects its presence in the corresponding portion of virions. Thus, we can distinguish
two classes of mutations: () clonal (also named as xed) mutations and (i) 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-speci c. 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 pro les. 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 les from FASTQ
les of viral samples, which is released as a Nextow (i.e., work ow manager system
[122]) le, 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#Al. The pipeline le is also provided in the corresponding GitHub repository (see
Appendix: Code repositories).






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: () methods to exploit gene expression
pro les (section 3.1), (ii ) methods to exploit mutational pro les (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 pro les

Stemming from my previous works on the topic [154, 175], during the PhD project
important e orts were devoted to exploit gene expression pro les 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, | discuss the results related to two main topics:

Projection of gene expression pro les onto metabolic networks (section 3.1.1).

Classi cation 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.

65
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3.1.1 Projection of gene expression pro les 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 uxes 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 identi cation of biomarkers for many diseases. Over-
all, metabolome data are complementary to genome and transcriptome data and allow us
to Il the gap between genotype and phenotype, de ned 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 pro les 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 rst 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 detall,
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 di erent isoforms, which can be composed of many subunits. Isoforms and sub-
units are synthesized by speci ¢ genes. So, GPRs describe how gene products constitute
a functional enzyme.

Projection of gene expression pro les. In [154] we propose a method called
Metabolic Reaction Enrichment Analysis (MaREA) to project the gene expression
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pro les, 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 speci cally,
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 pro les to compute a Reaction Activity Score (RAS) for each reaction
included in a given metabolic model, so to obtain a reaction score prole 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 strati cation of cancer samples. In [154], we computed the RAS pro-
les 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 di cult 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 di erent backgrounds. We have decided to port
our method MaREA on the platform, so that it can become part of work ow 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.









	Abstract
	Introduction
	Biological background: the heterogeneity of (multi-cellular) biological systems.
	Computational background: methods for the investigation of the heterogeneity of multicellular systems
	Methods for omics data analysis and integration
	Multiscale modelling and simulation of multicellular systems

	Computational challenges
	Main achievements
	Articles

	Structure of the thesis
	Abbreviation list

	Omics data preprocessing pipelines
	Background: omics data generation via Next Generation Sequencing
	Bulk sequencing experiments
	Single-cell sequencing experiments
	Sequencing of viral samples

	Data type I: generation of gene expression profiles
	Comparative assessment of denoising and imputation methods for scRNA-seq data
	[2em][r]P#1 A review of computational strategies for denoising and imputation of single-cell transcriptomic data

	Data type II: generation of mutational profiles
	Pipeline for variant calling from scRNA-seq
	[2em][r]P#2 Variant calling from scRNA-seq data allows the assessment of cellular identity in patient-derived cell lines


	Methods for omics data analysis and integration
	Computational methods to exploit gene expression profiles
	Projection of gene expression profiles onto metabolic networks
	[2em][r]P#3 MaREA4Galaxy: Metabolic reaction enrichment analysis and visualization of RNA-seq data within Galaxy
	Classification of cancer samples from the topological properties of metabolic networks
	[2em][r]P#4 On the Use of Topological Features of Metabolic Networks for the Classification of Cancer Samples

	Computational methods to exploit mutational profiles
	Inference of phylogenomic models
	 P#5 LACE: Inference of cancer evolution models from longitudinal single-cell sequencing data
	 P#6 VERSO: A comprehensive framework for the inference of robust phylogenies and the quantification of intra-host genomic diversity of viral samples
	Improving the evolution inference with COB-tree

	Decomposition of mutational profiles of viral samples into mutational signatures 
	[2em][r]P#7 Mutational signatures and heterogeneous host response revealed via large-scale characterization of SARS-CoV-2 genomic diversity


	Multiscale modelling and simulation of multicellular systems
	Background: Cellular Potts Model and Flux Balance Analysis
	Flux Balance Cellular Automata – FBCA
	[2em][r]P#8 FBCA, A Multiscale Modelling Framework Combining Cellular Automata and Flux Balance Analysis
	[2em][r]P#9 The Influence of Nutrients Diffusion on a Metabolism-driven Model of a Multi-cellular System

	Data-driven multiscale modelling
	Background: single-cell Flux Balance Analysis
	Integration of single-cell gene expression data into FBCA
	[2em][r]P#10 Integration of Single-Cell RNA-Sequencing Data into Flux Balance Cellular Automata

	Discussion
	Impact

	Appendix: Additional papers
	[2em][r]P#A1 VirMutSig: Discovery and assignment of viral mutational signatures from sequencing data
	[2em][r]P#A2 An Optimal Control Framework for the Automated Design of Personalized Cancer Treatments

	Appendix: Code repositories

