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Abstract 

Mutational signatures provide key insights into cancer mutational processes, 
but the availability of signature catalogues generated by different groups using distinct 
methodologies underscores a need for standardization. We introduce a Bayesian frame-
work that offers a systematic approach to expanding existing signature catalogues 
for any type of mutational signature while grouping patients based on shared signa-
ture patterns. We demonstrate that this approach can identify both known and novel 
molecular subtypes across nearly 8000 samples spanning six cancer types and show 
that stratifications derived from signature yield prognostic groups, further enhancing 
the translational potential of mutational signatures.

Background
Clonal dynamics in tumors [1–3] are primarily determined by somatic mutations that 
accumulate during cell division [4–6]. These mutations can arise in various forms. Sin-
gle-base substitutions (SBS) and insertions/deletions (indels) are often caused by ran-
dom DNA replication errors or impaired mismatch repair mechanisms [7–9], while 
more complex structural variants, such as copy number alterations (CNAs), result from 
chromosome segregation errors, breakage, and rejoining [10, 11]. Both endogenous and 
exogenous mutational processes influence the rate of these mutational events, and sub-
stantial efforts are underway to decipher the mechanisms underlying them.

One of the most notable results is the introduction, in 2013, of the concept of SBS 
signatures, an idea later extended to dinucleotide-base substitutions (DBS), small indels 
(ID), and eventually copy number (CN) signatures [12–15]. In an actual tumor, multiple 
mutational processes coexist, depending on the molecular features, the patient’s genetic 
background, and environmental factors, including treatment [16]. Understanding these 
mutational processes has significant translational potential, as it can inform treatment 
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strategies and improve patient outcomes. For instance, mutational signatures associated 
with impaired mismatch repair can guide the use of immune checkpoint inhibitors in 
patients with microsatellite instability-high tumors [17]. Similarly, mutational profiles 
linked to homologous recombination deficiency have been used to identify patients who 
may benefit from PARP inhibitors in breast and ovarian cancers [18]. These examples 
underscore how insights into mutational mechanisms can directly inform therapeutic 
decisions, advancing precision medicine in oncology [19, 20].

Computational tools are increasingly used to detect mutational signatures from muta-
tion count data derived from whole-exome or whole-genome sequencing (WGS). These 
tools generally fall into two categories [21]: those that apply established signal deconvo-
lution algorithms to extract mutational signatures and estimate their prevalence across 
samples, a process known as de novo signature discovery [22–27], and those that focus 
on decomposing mutation data using predefined reference signature catalogues, bypass-
ing the need for de novo discovery [22, 23, 27, 28]. These methodologies have been 
instrumental in assembling mutational process catalogues in cancer [21], including the 
development of COSMIC (Catalogue Of Somatic Mutations In Cancer), which currently 
lists 154 mutational signatures — 86 SBS, 20 DBS, 23 ID, and 25 CN signatures [29]. A 
subset of these signatures has been experimentally linked to specific endogenous and 
exogenous processes, shedding light on their underlying mechanisms [30]. For example, 
distinct SBS and DBS signatures have been associated with exposures such as tobacco 
smoking, UV light, platinum-based therapies, and asbestos, showing differences in 
strand bias, GC context, and flanking bases [20]. Similarly, defective homologous recom-
bination in DNA repair and AID/APOBEC-mediated mutagenesis have given rise to SBS 
and ID signatures, while chromothripsis and genome duplication events have produced 
CN signatures. A recent analysis by [23] used primary and metastatic WGS samples to 
expand COSMIC with 40 additional SBS and 18 DBS signatures [23].

In this rapidly evolving field, the challenge lies in harmonizing multiple mutational 
catalogues produced by different research groups and computational tools, a process 
often relying on similarity metrics such as cosine similarity. However, this task requires 
extensive human oversight and careful parameter optimization. Ideally, more advanced 
tools would leverage existing knowledge to streamline this process. A unified catalogue 
encompassing various signature types could aid in translating mutational signatures 
into a stratification metric, enabling the identification of molecular subtypes — groups 
of patients with similar mutational profiles. Unfortunately, no current tool is capable of 
performing de novo signature discovery while integrating known signature catalogues, 
nor can any tool stratify patients based on signature exposure.

We introduce BASCULE (Fig.  1A), a Bayesian framework that detects mutational 
signatures — of any kind — by leveraging an existing catalogue, ensuring that newly 
identified signatures are statistically distinct from known ones (Fig.  1B). Additionally, 
BASCULE groups patients based on similar mutational profiles by analyzing exposure 
across various signature types. Both algorithms are implemented using stochastic vari-
ational inference, built in the Pyro probabilistic programming language [31]. This design 
enables BASCULE to run natively on GPUs, allowing for seamless scaling to handle large 
datasets efficiently. Moreover, we release BASCULE as a Nextflow [32] module that can 
be embedded in any pipeline via a Singularity image, enabling reproducible signature 
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analysis across platforms. After validating the tool through simulations, we applied it 
to SBS and DBS signatures from ~ 7000 samples reported in [23] and SBS signatures 
from ~ 1000 ICGC (International Cancer Genome Consortium) cohort samples. BAS-
CULE successfully identified well-established molecular subtypes in breast, lung, and 
colorectal cancers while also generating new hypotheses about previously unreported 
co-occurrences of SBS and DBS signatures in specific patient groups. Additionally, we 
conducted survival analysis on skin, pancreatic, and esophageal cancers, revealing dis-
tinct, well-differentiated clusters in skin and pancreatic cancer types. Building on prior 
research, BASCULE offers a powerful approach to enhance our understanding of muta-
tional processes in cancer and uncover novel molecular insights.

Fig. 1  A BASCULE decomposes an event count matrix into signatures and their exposures while leveraging 
prior information; then, it clusters samples according to their exposures. B BASCULE performs signature 
deconvolution with a two-step inference process. First, it identifies relevant signatures from a catalogue 
of known signatures via Bayesian nonnegative matrix factorisation. Then, it performs de novo signature 
discovery, augmenting the catalogue signatures. BASCULE can deconvolute any signature type (SBS, DBS, 
ID, CN, etc.) and use their exposures to jointly cluster the samples. C The Bayesian nonnegative matrix 
factorisation model: the observed mutation count matrix X  follows a Poisson distribution, whose rate is 
defined by the product of the latent exposures α and signatures β matrices (Methods). D BASCULE performs 
clustering via the Bayesian Dirichlet process mixture model. The tensor of exposure matrices is distributed 
as a Dirichlet, along with its latent group-specific concentration θ . Samples are assigned to the cluster 
maximizing the posterior distribution (Methods)
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Results
Bayesian inference of mutational signatures using a catalogue

BASCULE has a probabilistic model (Fig. 1C) that extracts a set β of signatures from 
data of N patients, along with signature exposures α . In what follows, we refer broadly 
to mutational signatures as anything that could be linked to somatic substitutions; 
regardless, these are single-base substitutions or more complex signatures such as 
those derived from aneuploidy. The main novelty of BASCULE is that β is a combina-
tion of pre-specified catalogued signatures βc , and de novo signatures βd ; signatures 
in βd differ, probabilistically, from βc . The model is general and works with any signa-
ture type (SBS, DBS, ID, or CN). To extract signatures, we use a Bayesian nonnegative 
matrix factorization (bNMF) approach that factorizes X  , a matrix of nonnegative val-
ues for the observed counts detected in patients, as follows:

such that K = Kd + Kc . The matrix  α̂  represents the number of mutations attributed 
to each mutational signature within a sample. Its normalized counterpart, α , expresses 
these contributions as proportions. Thus,  α̂  is obtained by multiplying the normalized 
exposure α by the total number of mutations in each sample, as α̂n,k = αn,k

F
f=1 xn,f  , 

where 
∑F

f=1 xn,f  denotes the total mutation count for sample n . The matrices of α and β

report multinomial random variables, that is as follows:

The model likelihood is Poisson as follows:

with rate defined by the reconstructed count matrix � = α̂β.
In this model, the columns F are features that depend on the type of signature (e.g., 

for SBS and DBS, these are 96 and 78 strand-agnostic substitution contexts, respec-
tively), and X   is decomposed into two pairs of exposure and signature matrices, one 
with Kc signatures from the catalogue and one with Kd de novo signatures. We note 
that in the learning process, the signatures from the catalogue βc are not learnt from 
the data, i.e., they are held fixed based on the catalogue. Instead, the exposure vectors 
are learnt for both catalogue and de novo signatures. The overall bNMF joint distribu-
tion, over signatures and exposures, is as follows:

(1)
X ≈ α̂β =
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with αn  and β
d
k   following a Dirichlet prior with a concentration that ensures sparsity 

among the de novo and catalogue signatures (Methods). Our approach precisely forces 
the model to sample from features with low density in the catalogue, ensuring that de 
novo signatures account for the signal unexplained by catalogue signatures. To opti-
mize the number of de novo signatures, we minimize the Bayesian information criterion 
(BIC) computed using the maximum a posteriori estimates of the model parameters. 
Moreover, we implement a final heuristic to drop de novo signatures that are linear com-
binations of other de novo or catalogue signatures. This heuristic helps retain signals 
that differ from one another, also when considering complex combinations of signatures. 
Details on the overall formulation are in the Methods.

Non‑parametric clustering using multiple types of mutational signatures

Patterns of similar α  across patients can unravel distinct molecular subtypes, suggest-
ing that patients could be clustered by exposures of multiple types of signatures (i.e., 
SBS, DBS) as mutagenic processes might cause the emergence of different mutagenic 
patterns. Once signatures have been extracted with independent bNMF runs, BAS-
CULE can use a Bayesian nonparametric model (Fig. 1D) to cluster N patients into G ≥ 1 
groups with similar exposure patterns; to cluster V ≥ 1 type of signatures at once, our 
model uses a tensor-based approach that leverages a Dirichlet process [33] and auto-
matically determines the number of clusters.

BASCULE represents the input as a tensor A  with dimensions V × N × K ′ , where 
K ′ = max

v=1,··· ,V
K (v) for K (v) the number of columns (i.e., signatures) of the v-th type of sig-

nature. A zero-padding strategy that flattens out the difference in the number of dimen-
sions per signature type is required to assemble A . Similar to the bNMF step, the 
exposures are modelled with a Dirichlet, leading to a mixture likelihood as follows:

and the factored joint probability is as follows:

BASCULE defines the distribution over the mixture components and their weights 
as a Dirichlet process DP(η,H) , with concentration η and base distribution Η such that 
θ g  is sampled from a Dirichlet. In the implementation, we provide the model with an 

(3)
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input value representing the maximum number of clusters and use a stick-breaking con-
struction to sample from the Dirichlet process [34]. With this approach, the model auto-
matically determines the optimal number of clusters based on the concentration η . After 
clustering, BASCULE merges clusters with similar centroids based on cosine similarity; 
this heuristic helps retain clusters with different exposures to one another. The deriva-
tions of the model are available as Methods.

Synthetic simulations

We conducted realistic simulations by sampling from the generative model of BAS-
CULE (Fig. 1C, D) and measured performance for various combinations of the number 
of patients N, the number of groups G (molecular subtypes), and mutational processes 
K (example dataset in Fig. 2A). Our datasets have 150, 500, or 1000 samples and 1, 3, or 
6 groups and incorporate up to 16 SBS COSMIC signatures. For each configuration, we 
generated 30 independent datasets. We further validated our model by generating more 
realistic datasets using the SigFitTest tool [35], a recent method generating mutation 
catalogues from real data. In these simulations, datasets were generated with 150, 500, 
or 1000 patients and 1, 3, or 6 tumor types, which we considered as groups. Further-
more, we inspected datasets with 100, 2000, and 50,000 total mutations and simulated 
both whole-exome (WES) and whole-genome sequencing (WGS) data. The number of 
SBS COSMIC signatures per dataset was automatically selected by SigFitTest, with a 
maximum of 39.

We compared the performance of the bNMF model to SigProfiler [36], the most 
widely used tool for de novo signature discovery, to SparseSignatures [24], a method 
that uses LASSO regularization with a background signature, and to FitMS [23, 27], 
which performs signature extraction (FitMS_E) and fitting using constrained NMF 
with bootstrap-based robustness. Even if there are other tools for signature extraction, 
these tools represent a particular set of statistical approaches. Whereas SigProfiler 
is the historical method used to develop COSMIC, SparseSignatures and FitMS, like 
BASCULE, use prior biological information and distinct statistical approaches (lasso, 
bootstrap, and Bayesian inference) to achieve a parsimonious explanation of the data 
(Methods).

Results from model recall (Fig.  2B), i.e., the proportion of all actual positives clas-
sified correctly as positives, indicated that BASCULE can accurately identify the true 
number of signatures (Additional file 1: Fig. S1) in most settings better than competi-
tors (Additional file  1: Fig. S2). Moreover, the quality of the deconvolution was high, 
as measured with the mean squared error (MSE) of the reconstructed mutation count 
matrix (Fig. 2C) and of the cosine similarity (CS) of the estimated signatures and expo-
sures (Fig.  2D, E). In our tests, BASCULE, SigProfiler, and SparseSignatures demon-
strated the best counts reconstruction (BASCULE MSE 6.8e−3, SigProfiler MSE 6.3e−3, 
SparseSignatures MSE 6.9e−3, FitMS_E MSE 8.80e−2). All methods achieved high 
CS for signatures (BASCULE CS 0.97, SigProfiler CS 0.93, SparseSignatures CS 0.97, 
FitMS_E CS 0.97) and exposures (BASCULE CS 0.87, SigProfiler CS 0.79, SparseSigna-
tures CS 0.81, FitMS_E CS 0.75). SigProfiler showed less precise signature estimation, 
and FitMS_E underperformed in exposure inference, whereas BASCULE and SparseS-
ignatures showed consistent performance across metrics (Additional file  1: Fig. S2). 
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This indicates that our model can reconstruct the signature profile and contribution 
to a sample. As expected, performance improved across all analyses and methods as 
the number of samples increased and the number of signatures decreased. Conversely, 
as the number of signatures increased, performance differences between methods 
decreased (Additional file 1: Figs. S1 and S2; Methods).

Moreover, we evaluated the performance of BASCULE, the only method to cluster 
exposures across multiple signature types, against three alternative approaches that 

Fig. 2  A Example of inference on a simulated dataset. The generated dataset (top panel) consists of 500 
samples, 3 groups and 5 SBS signatures, including the profiles of COSMIC SBS13, SBS20 and SBS36 as de 
novo. The results (bottom panel) demonstrate that BASCULE successfully retrieves the signatures and 
learns similar exposures (CS = 0.94). Moreover, BASCULE can group the samples in G1, G2 and G3 with high 
accuracy (NMI = 0.93), with only a few unmatched samples (UM). B Performance evaluation of BASCULE on 
synthetic datasets with an increasing number of input samples, compared to SigProfiler, SparseSignatures 
and FitMS extraction algorithm. Accuracy was assessed using recall, the number of true positives divided 
by the number of true positives plus the number of false negatives. C Reconstruction error on the input 
mutation counts matrix. D Quality of correctly retrieved signatures measured by cosine similarity between 
true and inferred parameters. E Quality of exposures measured by cosine similarity between the full true 
and inferred parameters (Methods). F Clustering accuracy was evaluated using the normalized mutual 
information, compared to K-means, K-means with Kullback–Leibler distance, and spectral clustering with 
Jensen-Shannon divergence of the exposure vectors. G Runtime for SigProfiler, SparseSignatures and FitMS 
extraction algorithm compared to BASCULE during inference
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are generically applicable to the exposure vectors: a baseline k-means [37] algorithm 
using Euclidean distance (KMeans), a k-means with Kullback–Leibler divergence (KL-
KMeans), and spectral clustering [38] with Jensen-Shannon divergence (JS-Spectral) 
(Methods). Clustering performance was assessed using the normalized mutual informa-
tion (NMI) between simulated groups and retrieved cluster labels (Fig. 2F). BASCULE 
Dirichlet-based clustering demonstrated superior performance to the other methods, 
achieving an NMI of 0.96 compared to 0.83 of JS-Spectral, 0.73 of KMeans, and 0.62 
of KL-KMeans and supporting the practical advantage of employing a signature-based 
model (Additional file 1: Fig. S3).

Finally, we measured the runtime of BASCULE on these synthetic tests and compared 
it to existing methods. We could perform this test only for signature deconvolution 
(bNMF step of BASCULE), which is available in all competing tools (Fig. 2G and Addi-
tional file 1: Fig. S4). In this case, BASCULE proved to be faster than the other methods, 
which required 7 (BASCULE), 13 (SigProfiler), 32 (FitMS_E), and 120 (SparseSignatures) 
min in datasets with 150 samples and 15 (BASCULE), 19 (SigProfiler), 140 (FitMS_E), 
and 343 (SparseSignatures) min for signature deconvolution of 500 samples. In par-
ticular, for large cohorts with 1000 samples, BASCULE was run on a GPU, resulting 
in a runtime of 6 min, compared to 30, 194, and 559 min for SigProfiler, FitMS_E, and 
SparseSignatures. These results suggest that BASCULE can scale efficiently to analyze 
large cohorts.

Validation on SigFitTest datasets was more challenging than on those generated 
directly from the BASCULE generative model, resulting in a lower overall performance 
but similar qualitative behavior across methods. All evaluated methods were particularly 
sensitive to datasets with a low number of mutations, consistent with previous obser-
vations [35]. Increasing the number of signatures, which increases the data complex-
ity, also led to reduced performance. In contrast, sequencing type (WES and WGS) had 
minimal impact on the overall accuracy. Detailed results for this analysis are described 
in Methods and Additional file 1: Figs. S5, S6, and S7.

Molecular subgroups across three main human cancers

We used BASCULE to analyze WGS data recently released by [23], which carried out 
one of the most significant attempts to establish a catalogue of SBS and DBS signatures 
beyond COSMIC [29]. One of the critical advances of [23] is to establish, using multistep 
heuristics, which signatures are common across patients, as opposed to rare ones. Deg-
asperi et al. used 12,222 WGS cancer samples collected through the Genomics England 
100,000 Genomes Project [39] and available at Genomics England [40] to discover 40 
SBS and 18 DBS mutational signatures in addition to COSMIC for a total of 135 SBS 
and 180 DBS signatures in 19 tumor types. Additionally, Degasperi et  al. compared 
their results with 18,640 samples from two external cohorts: the International Cancer 
Genome Consortium [41] and the Hartwig Medical Foundation [42]. In this paper, we 
used all data from Degasperi et al. in combination with the COSMIC and the Degasperi 
et al. catalogues, focusing on 6923 samples from breast, lung, and colorectal cancers.

For each tumor type, we ran BASCULE with a minimal catalogue curated from the 
common signatures reported by Degasperi et al., using the COSMIC version if available 
(Methods). In brief, we selected 10 SBS and 3 DBS signatures for breast, 11 SBS and 4 
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DBS for lung, and 13 SBS and 4 DBS for colorectal cancers. After bNMF for up to 25 de 
novo signatures, we used cosine similarity to map de novo signatures to the full COS-
MIC and Degasperi et al. catalogues (Additional file 1: Fig. S8); this ideally would allow 
us to detect less common signatures in our data. Ultimately, we performed clustering 
and used the centroid and patient exposures to derive meaningful insights from cluster-
ing assignments.

Breast cancer patients (n = 2682)

From 2682 breast cancer samples, we determined 23 signatures (13 de novo) and 5 
clusters (Fig.  3A; Additional file  1: Fig. S9). Upon post-inference mapping (Additional 
file 1: Figs. S8, S10), 10 out of 13 SBS and DBS de novo signatures were mapped to COS-
MIC, and 2 to the Degasperi et al. catalogue (Fig. 3B), with one flagged as rare in the 
original study.

We found two major biological interpretations for the five clusters, joining SBS and 
DBS signatures to explain all groups (Fig. 3C; Additional file 1: Fig. S11). These interpre-
tations are facilitated by the potential alignment of some de novo signatures with already 
established known signatures (Fig. 3D, E). None of the clusters in breast cancer is fea-
tured with de novo signatures. Cluster G1 (n = 2058; Fig. 3F and Additional file 1: Fig. 
S11), the largest among all, showed a strong presence of SBS3, SBSD11, (mapped to SBS8 
from Degasperi et al.), DBS2, and DBS13. SBS3 and DBS13 are caused by homologous 
recombination deficiency (HRD); DBS2, instead, is linked to smoking in some cancers 
but is often observed also in cancers not directly linked with tobacco exposure. Based on 
these prevalent signatures, cluster G1 can be associated with triple-negative breast can-
cers [43]. In cluster G0 (n = 272), the dominant mutational signatures (SBS2 and SBS13 
and evenly DBS2, DBS11, and DBS13) are associated with APOBEC activity, linking 
this group to HER2 breast cancers [44]. Clusters G10 (n = 169), G11 (n = 69), and G13 
(n = 114) share similar SBS patterns, including exposure to SBS1, SBS2, SBS3, SBSD11, 
and SBS13, pointing to a mix of APOBEC activity, HRD, and aging-related mutational 
processes. BASCULE can differentiate these three clusters based on DBS exposure. In 
particular, G10 is strongly linked to DBS2 and DBS11, G11 primarily to DBS14, and G13 
to DBS13 and DBS20. Therefore, G10 can be associated with APOBEC activity, G13 
with HRD-related processes. G11, the smallest cluster, is linked to DBS14, a signature 
reported as artifactual in COSMIC, but the presence of DBS13 suggests that this cluster 
may be also linked to HRD. We remark that these clusters would not have been detect-
able by SBS patterns alone.

Lung cancer patients (n = 1396)

From 1396 lung cancer samples, we identified 7 distinct clusters characterized by 21 
mutational signatures (9 de novo) (Fig.  4A; Additional file  1: Fig. S12). Following the 
mapping stage (Fig.  4B; Additional file  1: Fig. S8), 6 SBS and DBS de novo signatures 
were found in COSMIC and 3 in the Degasperi et al. study (one flagged as rare). As for 
breast cancer, we observed that by leveraging both SBS and DBS (Fig.  4C and Addi-
tional file 1: Fig. S12), as well as mapping some de novo signatures to known signatures 
(Fig.  4D, E), we uncover potential biological differences missing from SBS data alone. 
None of the clusters in lung cancer is featured with de novo signatures. The exposure 
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Fig. 3  A Optimal number of de novo SBS and DBS signatures based on BIC criteria, running BASCULE on 
2682 breast cancers with a starting catalogue of known signatures (SBS1, SBS2, SBS3, SBS5, SBS8, SBS13, 
SBS17, SBS18, SBS31 and SBS127 for SBS and DBS11, DBS13 and DBS20 for DBS) from COSMIC. B Mapping for 
the inferred de novo SBS signatures to known catalogues. C The exposure of the centroids for the clusters 
where only the most relevant signatures in each cluster are present. It includes clusters with more than 20 
patients with their corresponding aetiology at the bottom. The full plot is accessible in Additional file 1: Fig. 
S9. D De novo signature SBSD10 compared to the mapped signature SBS26 from COSMIC v3.4. E De novo 
signature SBSD11 compared to the mapped signature SBS8 from Degasperi et al. F Exposures of relevant 
signatures for clusters with more than 20 samples. We retained only those mutational signatures for which at 
least one patient cluster demonstrated a significant level of exposure and others labeled as “Other”
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Fig. 4  A Optimal number of de novo SBS and DBS signatures based on BIC criteria, running BASCULE on 
1396 lung cancers with a starting catalogue of known signatures (SBS1, SBS2, SBS3, SBS4, SBS5, SBS8, SBS13, 
SBS17, SBS18, SBS31 and SBS92 for SBS and DBS2, DBS5, DBS13 and DBS20 for DBS) from COSMIC. B Mapping 
for the inferred de novo SBS signatures to known catalogues. C The exposure of the centroids for the clusters 
where only the most relevant signatures in each cluster are present in the plot. It includes clusters with more 
than 20 patients with their corresponding aetiology at the bottom. The full plot is accessible at Additional 
file 1: Fig. S12. D De novo signature SBSD17 compared to the mapped signature SBS17b from COSMIC v3.4. 
E De novo signature DBSD1 compared to the mapped signature DBS1 from COSMIC v3.4. F Exposures of 
relevant signatures for clusters with more than 20 samples. We retained only those mutational signatures for 
which at least one patient cluster demonstrated a significant level of exposure and others labeled as “Other”
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patterns in lung cancer (Fig. 4F; Additional file 1: Fig. S13) seemed more complex than in 
breast cancer, with many clusters sharing a significant number of signatures and similar 
exposures.

Cluster G1 (n = 1204), the largest cluster, was associated with heavy smokers based on 
moderate exposure to SBS4 and pronounced exposure to DBS2 [45]. Another cluster, G3 
(n = 31), harbored SBS31 and DBS5, two signatures linked to chemotherapy exposure. 
Chemotherapy was also linked to cluster G13 (n = 8), but this time because of SBS17b, 
presenting a unique pattern among the clusters. Both G3 and G13 contained, therefore, 
patients exposed to chemotherapy. Cluster G14 (n = 23), compared to others, showed a 
slightly elevated presence of SBS5 and significant exposure to DBS1. As for breast can-
cers, the causative process for DBS1 remains unknown, whereas in other tumors this 
signature can be linked with UV light exposure [46]. Finally, clusters G0 (n = 119), G12 
(n = 4), and G8 (n = 7) were similar in terms of SBS patterns but differed for DBS pro-
files, namely, G0 was characterized by DBS13, related to HRD, while G12 exhibited 
DBS6 and G8 DBS20, which have unknown aetiology (Methods).

Colorectal cancer patients (n = 2845)

From 2845 colorectal cancer patients, BASCULE identified 32 signatures and 8 clusters 
of patients (Fig. 5A; Additional file 1: Fig. S14). Twenty signatures were SBS and DBS de 
novo, but 12 were mapped to COSMIC, and 2 to the Degasperi et al. study, both as rare 
signatures (Fig. 5B; Additional file 1: Figs. S8, S15). Among our case studies, this dataset 
has the highest number of clusters and signatures (Fig. 5C), and mapping some de novo 
signatures to known signatures provides additional insights into the explanation of the 
clusters identified by our model (Fig. 5D, E). The remaining unmapped de novo signa-
tures (Additional file 1: Fig. S15) did not feature in defining clusters.

At baseline (Additional file 1: Fig. S16), we could retrieve the canonical split among 
microsatellite stable (MSS) and unstable (MSI) colorectal cancers, including polymer-
ase-eta (POLE) subtypes [47–49]. Clusters G1 (n = 2041), G3 (n = 112), G6 (n = 95), 
and G12 (n = 130) displayed similar patterns of mutational signatures and exposures 
(Fig.  5F). These clusters prominently featured a BASCULE de novo SBSD8 signature. 
Quality control on all de novo signatures revealed that this signature is neither a linear 
combination of other signatures nor similar to any known signature (minimum tested 
cosine similarity 0.8). In addition, we found aging-related signatures SBS1 and SBS5 
alongside which are expected in most patients. Additional signatures were SBS44 (mis-
match repair deficiency), SBS35 (chemotherapy), SBS3 (HRD), and SBS18 (reactive oxy-
gen species). The tensor-based clustering approach distinguished these clusters by DBS 
signatures. Cluster G6 was characterized by hyper-exposure to the DBS8 signature, G3 
by the unique DBS5 signature linked to chemotherapy, G12 by DBS13 associated with 
HRD, and G1 by the predominant DBS25 signature of unknown aetiology. Cluster G10 
(n = 412) reported exposure to the BASCULE de novo signatures SBSD12 and SBSD7. 
SBSD12 is mapped to SBS57 related to sequencing artifacts, and SBSD7 is mapped to 
signature SBS44 related to MSI status. In the DBS context, this cluster shows hyper-
exposure to DBS14, which is considered artifactual in COSMIC. Cluster G9 (n = 28) 
showed high exposure to SBS10a and DBS3, both indicative of the POLE status. Cluster 
G0 (n = 23) featured the SBS18 signature and little of SBS3, two signatures linked with 



Page 13 of 34Buscaroli et al. Genome Biology           (2026) 27:15 	

Fig. 5  A Optimal number of de novo SBS and DBS signatures based on BIC criteria, running BASCULE on 
2845 colorectal cancers with a starting catalogue of known signatures (SBS1, SBS2, SBS3, SBS5, SBS8, SBS13, 
SBS17, SBS18, SBS35, SBS88, SBS93, SBS121 and SBS157 for SBS and DBS2, DBS5, DBS13 and DBS20 for DBS) 
from COSMIC. B Mapping for the inferred de novo SBS signatures to known catalogues. C The exposure 
of the centroids for the clusters where only the most relevant signatures in each cluster are present in the 
plot. It includes clusters with more than 20 patients with their corresponding aetiology at the bottom. The 
full plot is accessible at Additional file 1: Fig. S14. D De novo signature SBSD1 compared to the mapped 
signature SBS10a from COSMIC v3.4. E De novo signature DBSD2 compared to the mapped signature DBS3 
from COSMIC v3.4. F Exposures of relevant signatures for clusters with more than 25 samples. We retained 
only those mutational signatures for which at least one patient cluster demonstrated a significant level of 
exposure and others labeled as “Other”
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reactive oxygen species aetiology. In cluster G5 (n = 4), the most relevant signature was 
SBS15, linked to mismatch repair deficiency, alongside notable exposure to the de novo 
SBSD7 signature identified by BASCULE which is mapped to SBS44 from the COSMIC 
catalogue and related to MSI status (Online Method).

The prognostic power of stratifications derived from signatures

BASCULE can be used to cluster patients based on mutational signatures, posing the 
question if this stratification generates molecular subgroups that can, at least in prin-
ciple, become prognostic. Since a similar result was shown in [50], where they classi-
fied patients using their mutational signatures exposure patterns, we conducted survival 
analysis to assess the prognostic power of subgroups derived from samples with matched 
clinical information.

Precisely, we performed survival analysis using Kaplan–Meier estimation for over-
all survival trends and multivariate Cox proportional hazards regression to evaluate if 
BASCULE cluster membership is an independent prognostic factor, after adjusting for 
clinical covariates such as age and gender. We limited this analysis to a subset of ICGC 
[51] samples — specifically 259 skin, 343 pancreatic, and 315 esophageal tumor samples 
— with matched clinical data and focused on SBS since DBS were very sparse (> 98% 0 
entry; Methods).

In a study of n = 259 skin cancer samples, we identified 10 mutational signatures 
within 2 clusters, including the known established signatures like SBS1 (clock-like), SBS5 
(clock-like), and SBS7 family (UV light) (Fig. 6A and Additional file 1: Fig. S20). Kaplan–
Meier survival analysis revealed distinct survival trends between the clusters (log-rank 
p = 0.033; Fig. 6B). Cluster G11, which was enriched for SBS7 signatures, exhibited bet-
ter survival compared to G1. In multivariate Cox regression (Fig. 6C), with G1 as refer-
ence due to its lowest survival outcomes, cluster G11 showed a trend toward a protective 
effect (n = 190, hazard ratio = 0.63, 95% CI: 0.39–1.02, p = 0.059). This finding however 
was borderline significant, possibly because of the effect of age which significantly influ-
enced the hazard: younger patients experienced a 44% reduction in risk relative to older 
individuals (n = 114, hazard ratio = 0.56, 95% CI: 0.40–0.80, p = 0.001), whereas gender 
did not significantly affect the outcome.

With a similar design, we examined n = 343 pancreatic tumor samples, identifying 
14 mutational signatures in three distinct subgroups, all corresponding to predefined 
signatures in the COSMIC and catalogues from [23] (Fig. 6D and Additional file 1: Fig. 
S21). Among these, SBS1 and SBS5 (age related), SBS2 (APOBEC), SBS3 (homologous 
recombination deficiency), and SBS26 (mismatch repair deficiency) are well-known 
signatures. The analysis of survival curves (Fig.  6E) indicated a significant difference 
in survival outcome across clusters G0, G2, and G4 (log-rank p < 0.0001). Cluster G2, 
dominated by SBS5, had the highest survival, confirmed by Cox proportional hazard 
analysis (Fig. 6F) with cluster G0 as reference. G2 (n = 39, hazard ratio = 0.17, 95% CI: 
0.08–0.35, p < 0.001) exhibited an 83% lower hazard than G0 and G4 (n = 26, hazard 
ratio = 0.51, 95% CI: 0.29–0.90, p = 0.02) a 49% lower hazard than G0. In this tumor, 
these results were both statistically significant, with age providing a protective effect — 
24% lower hazard — in the younger (n = 182, HR = 0.76, 95% CI: 0.59–1.00, p = 0.05) 
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Fig. 6  A Exposure plot illustrating mutational signature profiles of skin cancer for clusters with more than 20 
samples, highlighting the distribution of signatures across clusters G1 and G11. B Kaplan–Meier survival plot 
depicting survival probabilities for clusters G1 and G11 over a 30-year period, with a risk table at the bottom. 
C Forest plot, evaluating the significance of covariates (gender, cluster and age) in the skin tumor dataset. 
D Exposure plot illustrating mutational signature profiles of pancreas cancer for clusters with more than 20 
samples, highlighting the distribution of signatures across clusters G0, G2 and G4. E Kaplan–Meier survival 
plot depicting survival probabilities for clusters G0, G2 and G4 over a 15-year period, with a risk table at the 
bottom. F Forest plot, evaluating the significance of covariates (gender, cluster and age) in the pancreas 
tumor dataset
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compared to the older group (reference). In this tumor, gender was associated with a 
hazard ratio of 1.16 (95% CI: 0.89–1.51, p = 0.28), but did not affect outcome.

We also investigated esophagus cancer patients with a similar design, but our analysis 
did not reveal significant differences in survival trajectories. We report that analysis in 
the Methods.

Discussion
Over the last few years, large-scale analyses revealed ubiquitous mutational signatures 
across distinct cancer types. For this reason, signatures have become a pillar concept of 
modern cancer genomics, thanks to the possibility of linking their activity with endog-
enous and exogenous processes with known aetiology [30, 52] and translation [17, 18, 
53]. The field is quickly advancing toward developing signature catalogues that stratify 
human tumors into distinct molecular subtypes, with COSMIC standing as the leading 
example of this progress.

The feasibility of this grand challenge strongly depends on the strength of the statisti-
cal signals recorded in genomics data and might lead to limitations ubiquitous to com-
putational tools. Some assays, e.g., WES, might be underpowered unless in some specific 
scenarios of strong mutagenesis (e.g., smokers in lung cancers, defective DNA repair 
in breast cancer). Some tumors might also be less prone to signature analysis, like for 
instance certain leukemia or childhood cancers (e.g., medulloblastoma or astrocytoma) 
that generally show a very low mutation rate. Overall, the concept of signatures remains 
broad and flexible, and whereas a sample might not be rich in somatic point mutations 
allowing SBS analysis, it might be rich in aneuploidy (e.g., testicular germ cell tumors, 
liposarcoma) to allow the extraction of copy-number signatures.

BASCULE offers a generic approach, which works for any type of signature, and that 
addresses two major limitations of existing frameworks [21]: (i) the inability to incorpo-
rate established catalogues in the search for new signatures and (ii) the lack of clustering 
capabilities based on signature data. We desire to build on existing catalogues to create 
new biological knowledge incrementally, and we want to identify groups of patients with 
similar signatures to translate signatures into biomarkers.

In this paper, we first benchmarked BASCULE against state-of-the-art methods [23, 
24, 27, 36]. Our tests showed that BASCULE can accurately retrieve signatures and infer 
high-quality exposures and signatures across many cases, with the differences between 
tools becoming less pronounced as the number of active signatures increases to saturate 
the statistical signals.

We then created a minimal version of two known catalogues to test these ideas on 
three widespread human cancers, leveraging a GPU-based implementation of the Bayes-
ian models of BASCULE. From about 7000 WGS samples, our approach retrieved off-
catalogue signatures that were never shown to our tool, but that were present in the 
extended version of the input catalogues. Notably, some were flagged as rare using 
dedicated heuristics in [23], suggesting that BASCULE is sensitive enough to detect 
signatures even when involving few patients. On the same data, BASCULE clustering 
retrieved molecular subtypes that are common in breast, lung, and colorectal cancers. 
Our model autonomously detected groups that may be associated with triple-nega-
tive and hormone receptor-positive breast cancers, microsatellite-stable and unstable 
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colorectal cancers, and lung cancers associated with tobacco exposure. Notably, com-
pared to alternative tools, BASCULE clustering integrated SBS and DBS signatures, 
proving that combined analysis enhances stratification power. Moreover, in three other 
tumor types with matched clinical data (skin, pancreatic and esophageal), SBS signatures 
analysis yielded stratifications that were often prognostic, as we assessed via Kaplan–
Meier analysis and multivariate Cox regression.

Conclusions
BASCULE is a Bayesian method to integrate multiple types of mutational signatures and 
stratify patients based on signatures’ occurrence. In the future, this framework could be 
extended to include additional molecular signals, such as those deriving from methyla-
tion and gene expression assays. At a more technical level, an advanced matrix factori-
sation strategy could also be developed to correlate inferences across samples collected 
from the same patient (e.g., in multi-region or longitudinal studies).

Overall, a generalized framework for signature deconvolution might ultimately help 
link the emergence of specific cancer phenotypes with the underlying mutagenic pro-
cesses, facilitating experimental investigations while offering a principled method to 
expand established biological signature catalogues.

Methods
The BASCULE framework

We developed a method, BASCULE, that can extract a broad spectrum of mutational 
signatures in a dataset, while leveraging the existing knowledge established from previ-
ous studies, expressed as a reference catalogue. The model will use Bayesian inference 
to search for de novo signatures that are  statistically distinct from the reference ones, 
allowing to augment a catalogue with minimum overlap among signatures, the number 
of which is optimised by a likelihood criterion.

Bayesian Non‑negative Matrix Factorization

Signature deconvolution is carried out via Bayesian non-negative matrix factorization 
(bNMF), starting from a data matrix X with N  rows (patients) and F  columns (features). 
The entries of X are non-negative values for the observed counts, and F  depends on the 
type of signatures we wish to extract. BASCULE supports signatures from the simplest 
SBS, to DBS, ID and CN. For instance, when dealing with SBS and DBS, the features 
will be 96 and 78 strand-agnostic substitution contexts, respectively. In the general NMF 
step, X is factorised as

Here, β is the matrix of K  signature profiles, while the matrix of signature activities 
α̂ indicates, for each sample n , the number of mutations attributed to signature k , such 
that 

∑K
k=1 α̂n,k =

∑F
f=1 xn,f , ∀n = 1, · · · N . The bNMF model introduced here esti-

mates the normalised exposure matrix, denoted as α , computed as the ratio of the signa-
ture activity matrix α̂ by the total number of mutations observed in each patient.

(6)X ≈ α̂β
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One key feature of BASCULE is its ability to embed prior knowledge of known signa-
tures into the model. To this extent, the matrices α and β can be defined as follows

where the matrix β is defined as the concatenation of de novo signatures ( βd ) to the 
reference catalogue ( βc ), and the matrix α as the concatenation of exposures to de novo 
( αd ) and reference ( βc ) signatures.

Assuming K  signatures, we define Kd and Kc as the number of de novo and refer-
ence signatures, respectively. Hence, the total number of signatures is given by 
K = Kd + Kc . X is decomposed in a K × F  matrix of signature profiles β , and a 
N × K  matrix of exposures α , such that

The non-negativity constraint is such that all entries of α and β are positive. To extend 
to model to be Bayesian, we use a Poisson likelihood

assuming the mutation classes to be independent, with the Poisson rate defined as the 
reconstructed mutation counts matrix � = α̂β.

The matrix β entries learnt during the inference are those regarding βd , while βc is 
held fixed to reflect the reference. If Kd is set to 0, the model solely infers the latent 
exposures for the input catalogue of reference signatures. Otherwise, the model addi-
tionally learns de novo signature profiles and their respective exposures.

The bNMF joint distribution can be factored as follows:

with priors

•	 p(αn) ∼ Dirichlet(γ ),
•	 p(βd

k ) ∼ Dirichlet(ω).

Since α and β are probability vectors, their priors are Dirichlet distributions with con-
centration γ ( K-dimensional) and ω ( F-dimensional). The value of γ can be specified as 
input to assign greater weight to particular signatures, such as tumour-specific ones. If 
no prior information is available, γ is set to a vector of ones. The value of ω is computed 
to maximise the distance between each de novo and reference signature. We construct 

(7)

[
αd αc

]

︸ ︷︷ ︸
α ǫ RN ×K

and

[
βd

βc

]

︸ ︷︷ ︸
β ǫ RK ×F

(8)
K∑

k=1

αn,k = 1 ∀ n = 1, · · · N and

F∑

f=1

βk ,f = 1 ∀ k = 1, · · · K

(9)p(X |α, β) =

N∏

n=1

F∏

f=1

Poisson
(
xn,f |�n,f

)

(10)

p(X , α, β) = p(X |α,β)p
(
α, βd

)
=

=

N∏

n=1

F∏

f=1

p(xn,f |�n,f )

N∏

n=1

p(αn)

Kd∏

k=1

p(βd
k )
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a vector with low concentration in features that are highly represented in the reference 
catalogue by summing feature-specific contributions across reference signatures and 
then inverting and scaling these cumulative values. This approach forces the model to 
sample from contexts with low density in the reference, ensuring that de novo signatures 
will be used to account for the signal that remains unexplained by reference signatures.

The Maximum A Posteriori (MAP) for each latent parameter is estimated via Stochas-
tic Variational Inference (SVI) in Pyro [31]. The model is parametric, and the number 
of signatures is required as input. The method selects the optimal number of de novo 
signatures as the one minimising the Bayesian Information Criterion (BIC), defined as 
BIC = −2logL̂+ logN · p . Here, N  denotes the number of samples in the input data, p 
represents the model complexity, i.e., the number of inferred parameters, and L̂ is the 
likelihood function (3) calculated using the values of the parameters.

In the current formulation of the method, we use a two-steps inference process. First, 
we run the model to infer the exposures of reference signatures, without introducing 
any de novo signatures, i.e., with Kd = 0 , and filter out signatures from the catalogue 
with low exposures, resulting in a reduced catalogue βc′ . Specifically, the retained refer-
ence signatures, denoted as βc′ , are those with normalised exposure above a predefined 
threshold (0.2 by default) in at least one sample. In the second step, we include the sig-
nificant reference signatures ( βc′ ) and infer any new de novo one ( βd ). In both steps of 
inference, the signature profiles in the reference catalogue remain fixed, the only change 
is in the number of considered signatures. This approach minimises noise from the ref-
erence catalogue and maximises the signal attributed to already validated signatures.

Post‑fit heuristics  After inferring de novo signatures, the method can further evaluate 
their similarity relative to linear combinations of other signatures. This helps determine 
if one signature is actually a combination of other known signatures (or other de novo 
signatures). Specifically, we decompose each de novo signature profile into a linear com-
bination of the remaining ones, as

If the vector wk closely matches – based on a cutoff on the cosine similarity – the origi-
nal signature βk , the method will remove the de novo signature and redistribute its expo-
sures according to the weights v of this linear combination. This process reduces the num-
ber of signatures, enhancing the sparsity of the final results. We discuss this heuristic in the 
application to real data, together with specific parameters we used to refine our fits.

Non‑parametric Dirichlet mixture model

BASCULE can perform deconvolution of multiple signature types and cluster a cohort 
of N  samples based on these multiple signals. Here, we are clustering a tensor of V  expo-
sure matrices into G latent groups through a Dirichlet Process Dirichlet Mixture Model.

Assume to have V  exposure matrices α(1), · · · ,α(V ) of V  distinct types of signatures 
(i.e., SBS, DBS, IDS, etc.). Each matrix α has N  rows (i.e., samples) and K (1), · · · ,K (V ) 

(11)wk =
∑

i �=k

νiβ i
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columns (i.e., signatures). To cluster the N  samples based on multiple signature types, 
we embed the α matrices in a tensor A of dimension V × N × K ′ . Since the deconvolu-
tion of distinct signature types might result in different optimal numbers of signatures, 
we need to standardise the dimensions to embed the exposure matrices into a tensor. 

Here, we define 
K ′ = max

v=1,...,V
K (v)

 and perform zero-padding in the columns of 
α(v) if K (v) < K ′,∀ (v) ∈ 1, · · · ,V  

Similarly to the bNMF step, since the exposures can be modelled with a Dirichlet, the 
overall mixture likelihood can be written as

and the joint probability can be factored as

with

•	 p(θv,g ) ∼ Dirichlet(φv,g · ρv),
•	 p(ρv) ∼ Gamma(c, d).

The model defines a distribution over mixture components and weights as a Dir-
ichlet Process DP(η,H) with concentration η and base distribution H . We adopt the 
stick-breaking formulation of the Dirichlet Process to automatically determine the opti-
mal number of clusters, up to a fixed maximum value G . More specifically, the model 
takes as input a value for the maximum number of clusters, and, after the inference has 
completed, clusters with no data points assigned are discarded. θv,g is a K-dimensional 
vector reporting the component-specific exposure centroids for each signature k . This 
is distributed as a Dirichlet whose concentration depends on φv,g , a K-dimensional con-
centration vector scaled by ρv . In the model, φv,g might account for prior information on 
each retrieved signature and is set to centroids estimated with K-means. The variable ρv 
is a signature type-specific scaling factor used to lower the variance of the Dirichlet dis-
tribution and to allow sparsity in the centroids. The value of ρ is computed as described 
in the next paragraph.

The inference has been carried out via Stochastic Variational Inference in Pyro [31]. 
The parameters were initialised with K-means to determine the component centroids 
( θ ). In the model, the centroids are distributed as a Dirichlet. One important property of 
the Dirichlet distribution is that the concentration parameter influences the variance of 
the generated samples. More specifically, low concentration values lead to high variance, 
and high concentration values result in low variance. To address this, we introduced a 
scaling factor ( ρ ) to reduce the variance of the θ samples. The goal of ρ is to adjust the 
distribution of generated samples so that it better aligns with the observed data. An 
appropriate value for ρ is determined as follows. After running K-means to initialise the 

(12)p(A|Z,π , θ) =

V∏

v=1

N∏

n=1

G∑

g=1

πgDirichlet(Av,n|θv,g )

(13)

p(A,Z,π , θ , ρ) = p(A|Z,π , θ , ρ)p(Z,π , θ , ρ) =

= p(A|Z,π , θ , ρ)p(Z|π)p(π)

V∏

v=1

p(ρv)

G∏

g=1

p(θv,g |ρv)
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parameters, we calculated an upper bound for the empirical variance of exposures for 
each cluster g and signature type v , to grasp the natural variation in the exposure values. 
We then chose the value of ρ to ensure that samples drawn from the Dirichlet prior cen-
tred around θ prior would approximately match the observed variance. This approach 
ensures that the generated exposure distributions closely match the observed ones, lead-
ing to improved convergence of the model fitting to reliable estimates of the centroids.

The model infers the maximum a posteriori (MAP) set of parameters and assigns each 
data point to the cluster maximising the posterior distribution.

Post‑fit heuristics  After inferring the latent clustering assignments, the method can 
evaluate whether some clusters should be merged based on the inferred centroids ( θ ). 
Specifically, the method iteratively calculates the cosine similarity between the cen-
troids. If this similarity exceeds a custom threshold, the clusters are merged, and the 
centroids are updated. This process continues until all clusters are distinct according to 
the defined similarity measure. We discuss this heuristic in the application to real data, 
together with specific parameters we used to refine our fits.

Simulated data

We evaluated BASCULE’s performance by examining the error in reconstructing muta-
tion counts, the accuracy of signature retrieval, the quality of signature exposures and 
the accuracy of clustering. To do this, we generated two batches of simulated datasets.

The first one is composed of synthetic datasets of increasing complexity sampled from 
the BASCULE generative bNMF model. Specifically, we considered cohorts of 150, 500 
and 1000 samples, composed of 1, 3 or 6 groups. As the number of groups increases, 
the number of signatures (SBS and DBS) also increases, ranging from 1 to 13. In all fits, 
certain signatures are shared among all clusters. In contrast, others are either private to 
a single cluster or shared by a specific combination of clusters, enabling the unique iden-
tification of each group of patients. For each configuration, we generated 30 datasets. 
Each fit has been run with SBS1, SBS5, DBS3 and DBS5 as reference catalogues, testing 
five different de novo signature values around the true one.

We then tested the performance of BASCULE and competing NMF methods on a 
batch of simulated datasets, generated using the “generate_synthetic_catalogs” function 
from the “SigFitTest” Python package [35]. This tool creates realistic synthetic mutation 
catalogues with known signatures and exposures collected from COSMIC. We gener-
ated datasets of 150, 500 and 1000 samples, each composed of 1, 3 and 6 tumour types. 
For each combination of number of samples and groups, we further simulated datasets 
with 100, 2000 and 50000 mutations per sample, using both Whole Exome and Whole 
Genome Sequencing. The number of signatures has been automatically selected by the 
method and spans a wider range with respect to the batch of synthetic datasets, up to 39 
active signatures. For each configuration, we generated 30 datasets.

Performance metrics  We evaluated BASCULE and competitors NMF performance 
based on four criteria: i) the ability to identify the correct set of signatures, ii) the abil-
ity to correctly reconstruct the input mutation catalogues iii) the quality of the recon-
structed signatures and iv) the quality of the inferred exposures. We further compared 
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BASCULE’s clustering model with competitors based on v) the quality of clustering 
assignments.

After de novo signatures deconvolution on the input datasets, each tool produced a 
set of estimated parameters: a combination of de novo and known signatures, along with 
the corresponding exposures. We matched the identified de novo signatures to the true 
ones using cosine similarity, applying a threshold of 0.8. That is, a signature was classi-
fied as a true positive (TP) if its cosine similarity with a true signature exceeded 0.8, as a 
false negative (FN) if it was not retrieved by the method and as a false positive (FP) if it 
was identified by the method without being present in the ground truth.

We assessed the similarity between the retrieved de novo signatures and the simulated 
ones using recall and precision metrics. Recall was computed as the ratio of TP to the 
sum of TP and FN, representing the proportion of correctly identified signatures out of 
all true ones. Precision was calculated as the ratio of TP to the sum of TP and FP, indi-
cating the proportion of correct de novo signatures among those retrieved. To evaluate 
the quality of mutation catalogue reconstruction, and signature and exposure quality, we 
used Mean Squared Error (MSE) and Cosine Similarity (CS). These are standard metrics 
in the field [21].

To evaluate the quality of mutation catalogue reconstruction, we computed the 
MSE between the true input mutation count matrix and the reconstructed catalogue, 
expressed as α̂β , with α and β derived from the estimated exposures and signatures. We 
note that in FitMS_E, a subset of the mutation counts not attributable to mutational sig-
natures is labeled as “Unassigned”. These “Unassigned” exposures were excluded when 
computing the MSE.

We assessed signature quality as the CS between true and inferred signatures classi-
fied as TPs. Exposure quality was evaluated through the CS between true and estimated 
exposure matrices. We first computed the CS for exposures corresponding to matched 
TP signatures. Then, we calculated the CS between the full true and inferred exposures 
matrices. To enable this comparison, we performed zero padding on the columns of the 
exposure matrices to include unmatched signatures. This allowed us to assess whether 
the FN and FP signatures had high activity in the samples. In the case of FitMS_E, we 
treated the “Unassigned” field as a FP signature.

We evaluated clustering performance by measuring the precision of reconstructing 
the correct grouping of patients, using the Adjusted Rand Index (ARI) and Normal-
ised Mutual Information (NMI) between the true and inferred assignment vectors. The 
ARI compares how well the clusters predicted by a model match with the true clusters 
(ground truth), adjusting for the chance of random clustering, with a score ranging from 
−1 (completely incorrect clustering) to 1 (perfect clustering).

NMI measures how much information is shared between the predicted clusters and 
the true clusters. The values range from 0 to 1, where 0 means the clustering assign-
ments are independent, and 1 means identical (it is normalised to ensure comparability 
across different datasets, regardless of the size or number of clusters).

BASCULE performance on synthetic datasets  We evaluated BASCULE performance 
for the bNMF and clustering models. We first assessed, in terms of recall and precision, 
the similarity among the number of retrieved de novo signatures and the simulated one 
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(Additional file 1: Fig. S1A,B). The recall results demonstrate that BASCULE effectively 
retrieves a precise number of de novo signatures, with only a few signatures missed in 
the analysis. The precision results indicate that only a few signatures were incorrectly 
identified. As expected, in both analyses, increasing the number of signatures results in 
a lower accuracy, whereas increasing the number of samples, thus providing a stronger 
signal for the signatures, improves the accuracy. Additionally, the performance is higher 
when working with SBS, which could be attributed to the greater sparsity of DBS signa-
tures than SBS ones. Precision and recall showed that some groups have more inferred 
signatures than present in the ground truth, though these additional signatures typically 
have minimal exposure. This occurs because NMF was applied jointly across all groups 
to capture shared and group-specific patterns. Consequently, signatures with low or 
near-zero contributions may appear where they are not biologically meaningful. Such 
negligible exposures should not be interpreted as active signature presence.

We then assessed the quality of the mutation counts reconstruction, as well as the sig-
natures and exposure learning. The input mutation counts matrix was reconstructed 
with high accuracy (Additional file  1: Fig. S1C), resulting in low values of MSE. The 
CS computed between true and estimated signatures (Additional file  1: Fig. S1D) and 
between true and estimated exposures (Additional file 1: Fig. S1E) shows great concord-
ance between our results and the simulated datasets. Similar to recall and precision 
analysis, increasing the number of signatures adds complexity to the input data, result-
ing in reduced quality. However, increasing the number of samples leads to an improve-
ment in the quality of the fit results.

Finally, we assessed the performance of the clustering model (Additional file  1: Fig. 
S1F). In our tests both metrics indicate that BASCULE performs well in accurately 
retrieving the correct sample assignments, with accuracy decreasing as the number of 
signatures increases and improving as the number of samples increases.

Comparison to other methods on synthetic datasets  Simulated counts were also used to 
compare BASCULE to three other methods for de novo mutational signature extraction: 
SigProfiler, SparseSignatures and FitMS_E. SigProfiler and SparseSignatures were run on 
10 CPU cores of an AMD EPYC 7H12 computer, performing NMF with 100 repetitions 
for SigProfiler and 10 repetitions for SparseSignatures. FitMS was run to perform signa-
tures extraction (FitMS_E) on 4 CPU cores of an Intel Xeon Gold 6140 computer, using 
the bootstrap signature fit approach with 10 replicates.

We compared the performance of the four methods to perform de novo signature 
extraction on SBS through the same metrics described in the previous paragraphs. BAS-
CULE outperformed the other methods in identifying the correct number of signatures 
(Additional file 1: Fig. S2A,B), when the number of signatures was low, whereas all meth-
ods show lower values of recall and precision when increasing the number of signatures, 
and the difference in the methods performance decreases. Notably, BASCULE, SigPro-
filer and SparseSignatures showed low reconstruction error for the input datasets (Addi-
tional file 1: Fig. S2C), while FitMS_E showed a significantly higher MSE, probably due 
to the mutation counts labeled as “Unassigned” which correspond to a large proportion 
of the data.
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For the correctly retrieved signatures, we assessed their quality based on cosine simi-
larity (CS) (Additional file 1: Fig. S2D). BASCULE achieved higher CS scores than Sig-
Profiler and SparseSignatures when the number of signatures was low, but all methods 
performed similarly as the number of signatures increased.

We also calculated the CS for the exposures of matched signatures (Additional file 1: 
Fig. S2E), where FitMS_E performance was lower than competitors with low number of 
signatures, and BASCULE’s performance decreased relative to other methods as data-
set complexity increased. Finally, we computed the CS of exposures for matched and 
unmatched signatures, considering zero exposures for false negatives (FN) and false pos-
itives (FP) in the inferred and true exposures. Even in this case, FitMS_E showed a low 
similarity compared to competitors with low number of signatures. However, as dataset 
complexity increased, the CS of all methods became comparable, indicating that FN and 
FP are not necessarily signatures with low exposure levels.

We compared the clustering accuracy of BASCULE with k-means, KL-KMeans and 
JS-Spectral clustering methods performed on the exposures estimated by BASCULE 
(Additional file  1: Fig. S3). BASCULE outperformed all methods in all settings, espe-
cially when the number of signatures increased.

We finally compared the time required to fit each dataset for the three methods (Addi-
tional file 1: Fig. S4). BASCULE, implemented in Pyro, uses Stochastic Variational Infer-
ence (SVI), which enables faster inference compared to standard NMF methods. Addi-
tionally, BASCULE supports GPU-based inference, further accelerating computationally 
intensive calculations.

Comparison to other methods on realistic datasets  We compared BASCULE to the 
other methods using the batch of realistic datasets generated with SigFitTest [35] as 
explained in the above paragraphs. BASCULE and the competing methods were exe-
cuted with the same arguments and HPC settings, and evaluated using the same metrics 
(Additional file 1: Fig. S5-S7). As expected, these datasets proved to be more challenging 
for all methods, which showed an overall lower performance. All methods were affected 
by the number of mutations, with performance particularly low for datasets with 100 
mutations, as also noted in [35]. Similarly, an increase in the number of signatures, 
which increases dataset complexity, led to a decrease in overall performance across 
all methods. In contrast, the type of sequencing, i.e., whole exome (WES) or genome 
(WGS) sequencing, did not significantly impact the performance of the inference in any 
method or evaluated metric.

FitMS_E outperformed competing methods in terms of recall, demonstrating its abil-
ity to identify most of the correct signatures. However, its lower precision, particularly 
in datasets with few mutations, indicates a higher rate of FPs compared to other meth-
ods. BASCULE and SigProfiler showed similar performance in retrieving the correct set 
of signatures, with BASCULE better at avoiding FNs and SigProfiler more precise in sig-
natures identification. SparseSignatures showed lower recall values but precision values 
comparable to other methods.

Overall, the reconstruction error is comparable across all methods, although BAS-
CULE and SigProfiler demonstrated better performance in reconstructing the mutation 
catalogue when the number of mutations increases.
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The correctly retrieved signatures (TPs) showed high cosine similarity with the true 
ones, with SparseSignatures displaying lower values compared to other methods.

The quality of estimated exposures for TP signatures improved with the number of 
mutations and remained consistent across methods. However, including FP and FN sig-
natures in the evaluation led to reduced performance across all methods.

Finally, we compared the clustering accuracy of BASCULE compared to KMeans, KL-
KMeans and JS-Spectral clustering methods performed on the exposures estimated by 
BASCULE (Additional file 1: Fig. S7). We used the information of the known tumour 
types provided by SigFitTest [35] as ground truth. However, this might not be entirely 
indicative of the actual number of groups in the datasets, as multiple tumour sub-
types might be present and characterised by distinct signatures. The performance of 
all methods is quite variable, but BASCULE showed values of NMI with no significant 
differences.

SigProfiler  Version 1.1.21 of SigProfiler was run with the default values for the stability 
thresholds, using a minimum of 1000 and a maximum of 10000 NMF iterations, with a 
value of 1000 iterations for the convergence test. All other parameters were set to the 
default values.

SparseSignatures  Version 2.10.0 of SparseSignatures was run with the “normalize_
counts” parameter set to TRUE, a value of 20 iterations and 10000 maximum lasso itera-
tions. We used the “background2” signature, which is derived from COSMIC SBS5, as 
the background. For the cross-validation parameters, we used 5 entries, 10 repetitions, 
and a percentage of 0.01 entries to be masked by zeros. For sparsification, we tested � 
values of 0 and 0.05 for and values of 0, 0.01, 0.05 and 0.1 for β.

FitMS  Version 2.4.4 of the signature.tools.lib R package was used. In particular, we 
used the“SignatureExtraction” function to perform signatures extraction, setting the 
arguments “nboots” and “nrepeats” to 10 and 20, respectively, and providing a matrix of 
fixed signatures SBS1 and SBS5.

Clustering methods  We compared the BASCULE clustering Dirichlet Process model 
with three clustering methods: standard k-means with Euclidean distance, k-means with 
Kullback-Leibler distance (KL-KMeans), and spectral clustering with Jensen-Shannon 
divergence (JS-Spectral). For BASCULE, Model selection is performed automatically, 
whereas for the other methods, we use the Gap Statistic [54] to determine the optimal 
number of clusters.

For the standard k-means algorithm, we used the “kmeans” function from the R pack-
age “stats” [55], and performed model selection to determine the optimal number of 
clusters using the “clusGap” function from the R package“cluster” [56], executed with 10 
bootstrap samples.
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For the KL-KMeans method, we performed clustering using the “kcca” function from 
the R package “flexclust” [57], with a custom implementation of the KL distance employ-
ing the“kl.dist” function from the “seewave” R package [58]. Model selection was car-
ried out using a custom gap statistic implementation adapted to the KL distance, with 10 
bootstrap samples.

For the JS-Spectral method, we performed clustering using the “specc” function from 
the“kernlab” R package [59], with a custom implementation of the JS distance using 
the “dist” function from the “proxy” R package [60]. Model selection was similarly per-
formed using a custom gap statistic implementation adapted to the JS distance, also ran 
with 10 bootstrap samples.

Patient data analysis

Construction of the starting catalogue  We curated a simple version of a catalogue by 
combining our current understanding of mutational processes for SBS and DBS – the 
two types of mutational signatures for which we had data from [23]. The aim was to 
use this catalogue as input for our tool. To assemble it, we selected the common signa-
tures from each tumour type as documented by Degasperi et. al. Subsequently if these 
particular signatures were also found in COSMIC, the corresponding COSMIC ver-
sion of the signature was adopted for our input reference catalogue. In the final step, we 
enhance the signatures so that each one accurately reflects a distinct pattern of muta-
tional signatures. This is achieved by eliminating signals from 96 contexts whose values 
fall below a specified threshold.

Input data  To perform the large-scale analysis discussed in the Main Text, we col-
lected data from supplementary materials by Degasperi et al. Initially, we identified the 
organ-specific common signatures from Tables 9 and 10. Subsequently, we located their 
corresponding reference signatures in Tables 21 and 22, utilising the conversion matrix 
provided in Tables 25 and 26.

Fitting off‑catalogue signatures  In the initial stage, we ran our tool, searching for a 
maximum of 25 de novo signatures (beyond the input catalogue). The model underwent 
the learning phase, consisting of 3000 iterations and a learning rate set at 0.005, and the 
most suitable number of de novo signatures was determined by evaluating the BIC score.

After inferring the latent variables, including the mutational signatures and exposure 
matrices, we applied a refinement step to the de novo signatures. This process aimed 
to identify and remove any de novo signatures that could be adequately explained by a 
linear combination of the other de novo and input catalogue signatures. The refinement 
method attempted to reconstruct each de novo signature using the coefficients of the 
corresponding linear combination. If the cosine similarity between the reconstructed 
signature and the original de novo signature exceeded 0.9 - an arbitrary threshold denot-
ing very high similarity - the de novo signature was removed, and its exposure was redis-
tributed among the signatures in the linear combination, weighted by their respective 
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coefficients. By applying this refinement step, we ensured that the final set of de novo 
signatures represented mutational processes that could not be sufficiently captured by 
combining the existing signatures, either from the input catalogue or the newly identi-
fied de novo signatures. This approach helped to minimise redundancy and improve the 
interpretability of the mutational signature analysis.

Clustering patients by signature exposures  After this step, we ran the Dirichlet Process 
clustering. To optimise those results, we examined the clusters of signatures and merged 
those that exhibited some similarity. This process was conducted iteratively, merging 
clusters based on their similarity with their cluster centroids. The merging process con-
tinued until the cosine similarity between all pairs of clusters fell below 0.8, a predeter-
mined cutoff value that denoted low similarity.

To interpret our clusters, we additionally assessed whether our de novo signatures 
could be accounted for by any signatures from the COSMIC database and the catalogue 
of Degaspari et al. To achieve this, we calculated the cosine similarity between all pos-
sible pairs of de novo signatures versus signatures from both extended catalogues. If 
the similarity exceeded 0.9, we replaced the de novo signature with the corresponding 
known signature from these catalogues, as discussed in the Main Text.

In this analysis phase, we examined the clusters of signatures and merged those that 
exhibited similarity. This process was conducted iteratively, merging clusters based on 
the similarity of their centroids. The merging process continued until the cosine similar-
ity between all pairs of clusters fell below a predetermined cutoff value. Additionally, we 
assessed whether our de novo signatures could be accounted for by any signature known 
in COSMIC or the catalogue by Degaspari et al. To achieve this, we calculated the cosine 
similarity between all possible pairs of de novo signatures and the target catalogues, and, 
if the similarity exceeded 0.9, we replaced our de novo signature with the corresponding 
known one.

Breast cancer analysis  We analysed 2,682 breast tumour samples from the GEL, ICGC, 
and HMF cohorts. For the SBS context, we selected signatures SBS1, SBS2, SBS3, SBS5, 
SBS8, SBS13, SBS17, SBS18, SBS31, and SBS127, and for the DBS context, we selected 
signatures DBS11, DBS13, and DBS20, collectively forming the reference catalogue for 
breast tumour data.

The bNMF analysis identified 19 SBS (12 de novo) and 5 DBS (2 de novo) signatures. 
After a refinement step, we identified 18 SBS (11 de novo) and 5 DBS (2 de novo) sig-
natures. The refinement process revealed that the de novo signature SBSD3 could be 
explained by the input catalogue signature SBS1, with a cosine similarity of 0.99 between 
the reconstructed and original signatures. As a result, one de novo signature was 
removed from the inferred set.

Following refinement, we proceeded with the merging step. Initially, the tool detected 
14 clusters among the breast cancer samples. We then applied an iterative merging func-
tion, resulting in 5 clusters (Additional file 1: Fig. S9), using a cutoff value of 0.8.

Later, we mapped the de novo signatures to known signatures from the COSMIC cat-
alogue and the findings from Degasperi et  al.; within the SBS context, 8 de novo sig-
natures corresponded to COSMIC signatures SBS7a, SBS9, SBS17b, SBS26, SBS40a, 
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SBS44, SBS90, and SBS98. Additionally, one de novo signature aligned with the com-
mon signature SBS8, and one signature matched the rare signature SBS97, both from 
the Degasperi et al. study. In the DBS context, we mapped 2 de novo signatures to COS-
MIC signatures DBS14 and DBS2. Ultimately, one de novo signature, SBSD12 remained 
unmapped (Additional file 1: Fig. S10), which exhibits a pronounced pattern of C>G and 
C>T transitions. The detailed signature exposures across the various clusters are pre-
sented in (Additional file 1: Fig. S11).

Lung cancer analysis  We analysed 1,396 lung tumour samples obtained from the GEL, 
ICGC, and HMF cohorts. For our study, we selected the following SBS signatures: SBS1, 
SBS2, SBS3, SBS4, SBS5, SBS8, SBS13, SBS17, SBS18, SBS31, and SBS92, as well as the 
DBS signatures DBS2, DBS5, DBS13, and DBS20. These signatures collectively formed 
the reference catalogue for our lung data.

The results from the bNMF analysis revealed 19 SBS signatures (11 of which were 
identified de novo) and 6 DBS signatures (2 of which were de novo). Following a refine-
ment step, we identified 15 SBS signatures (7 de novo) and maintained 6 DBS signatures 
(2 de novo). During the refinement process, it was determined that 4 de novo signa-
tures could be attributed to existing signatures (both de novo and input reference cata-
logue) based on a cosine similarity threshold exceeding 0.9 between the reconstructed 
and original signatures. After the refinement, we proceeded to the merging phase, where 
the tool initially identified 15 clusters among the lung cancer samples. We then applied 
a merging function that iteratively combined these clusters until we arrived at 7 distinct 
clusters (Additional file 1: Fig. S12), using a cutoff value of 0.8.

Later, we aligned the de novo mutational signatures with known signatures from the 
COSMIC database and the findings of Degasperi et al. In the context of SBS, we iden-
tified 4 de novo signatures that corresponded to COSMIC signatures SBS8, SBS17b, 
SBS44 and SBS92; and 3 de novo signatures that matched signatures SBS107, SBS123 
and SBS127 from Degasperi et al. For DBS, we successfully mapped two signatures to 
COSMIC catalogue signatures DBS1 and DBS6. The detailed signature exposures across 
the various clusters in lung cancer type are presented in (Additional file 1: Fig. S13).

Colorectal cancer analysis  Our study examined 2,845 colorectal tumour samples from 
the GEL, ICGC, and HMF cohorts. We utilised an input reference catalogue comprising 
13 SBS signatures SBS1, SBS2, SBS3, SBS5, SBS8, SBS13, SBS17, SBS18, SBS35, SBS88, 
SBS93, SBS121, SBS157 and 4 DBS signatures DBS2, DBS5, DBS13, DBS20 for the analy-
sis of colorectal tumour data.

Initial bNMF yielded 32 SBS signatures (24 de novo) and 8 DBS signatures (4 de novo). 
Subsequent refinement reduced these to 24 SBS signatures (16 de novo) and 8 DBS sig-
natures (4 de novo), as 8 de novo signatures were found to be explicable by other signa-
tures, with cosine similarities exceeding 0.9. Post-refinement the algorithm initially iden-
tified 15 clusters, which were reduced to 8 distinct clusters through iterative merging 
with a cutoff value of 0.8 (Additional file 1: Fig. S14).

We compared the de novo mutational signatures identified in our analysis to known 
signatures from the COSMIC database and the work of Degasperi et al. In the context of 
SBS, we found 9 de novo signatures aligned with COSMIC signatures SBS10a, SBS10b, 
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SBS15, SBS17b, SBS26, SBS28, SBS44, SBS52 and SBS93. Additionally, one de novo sig-
nature matched signature SBS97 from the rare signatures in Degasperi et  al. For DBS 
context, we successfully mapped three signatures to COSMIC signatures DBS3, DBS8, 
and DBS14, and one de novo to signature DBS25 from the rare category in the Degasperi 
et al. study.

Ultimately, 6 de novo signatures remained unmapped (Additional file  1: Fig. S15). 
SBSD12 exhibits a higher density of C>T and T>C mutations, while SBSD13’s density 
is mostly distributed in C>A, C>T, T>A and T>C. SBSD16 primarily displays density in 
C>T, T>A, and T>C mutations. SBSD6 has its density distributed across C>A and C>T 
transitions. SBSD6 shows a high density in C>A and C>T contexts. SBSD8 is the most 
widely distributed signature among the others, with higher densities in C>A, C>T, and 
T>A. Finally, SBSD9 has the majority of its density concentrated in C>A, T>C, and T>G 
transitions. The detailed signature exposures across the various clusters in this cohort 
are presented in (Additional file 1: Fig. S16).

Comparative exposure analysis (BASCULE vs. FitMS)  To investigate the mutational 
processes underlying breast, lung, and colorectal cancer cohorts, we compared the 
exposures clustering inferred from BASCULE with the ones estimated with FitMS [23, 
27], focusing on single-base substitution (SBS) and double-base substitution (DBS) sig-
natures. Below, we compare the clustering results for each cancer type, highlighting sim-
ilarities and differences in the identified mutational patterns.

Clustering of breast cancer patients (Additional file 1: Fig. S17) based on exposure pro-
files from BASCULE and FitMS revealed both shared and distinct patterns, where the 
median cosine similarity between patients signature exposure is 0.85. The BASCULE-
derived cluster G0 and the FitMS-derived cluster G2 exhibited highly similar signature 
profiles in both SBS and DBS contexts, predominantly driven by APOBEC-related sig-
natures (SBS2, SBS13, and DBS11). This strong association with APOBEC-driven muta-
tional processes suggests a common underlying mechanism in these clusters. In con-
trast, BASCULE identified a large cluster, G1, characterized by SBS1, SBS90, DBS11, 
DBS13, and DBS20, indicating a broad mix of mutational processes. FitMS, however, 
partitioned patients into smaller, more distinct clusters, primarily differentiated by DBS 
signatures. Notably, FitMS cluster G0 was dominated by DBS20, cluster G4 by DBS13, 
and cluster G1 by a combination of DBS13 and DBS20.

Analysis of lung cancer patient clustering (Additional file 1: Fig. S18) revealed a promi-
nent group in both BASCULE (G1) and FitMS (G0), strongly associated with tobacco-
related mutational processes. These clusters, the largest in each tool’s output, were 
characterized by elevated SBS4 and DBS2 signatures, consistent with smoking-induced 
mutagenesis. Although smaller clusters displayed divergent patterns, the cosine similar-
ity in patients exposure profiles between the two tools was 0.94, higher than the similar-
ity in breast and colorectal cancer cohorts. In BASCULE, cluster G0 was distinguished 
by the presence of DBS1, a signature linked to UV light exposure, which was absent in 
FitMS results. Additionally, BASCULE cluster G3 and FitMS cluster G6, while differing 
in patient numbers, shared a common feature: elevated DBS5 signatures associated with 
chemotherapy-related processes.
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For colorectal cancer, clustering (Additional file 1: Fig. S19) with BASCULE and FitMS 
identified two dominant groups: G1 (BASCULE) and G0 (FitMS). Both groups were 
characterized by aging-related signatures (SBS1 and SBS5) and DBS20, linked to aris-
tolochic acid exposure, indicating shared underlying mutational processes. A notable 
distinction was observed in BASCULE cluster G10, marked by the sequencing artifact 
signature DBS14, which corresponds to SBS28 from the Degasperi study and was promi-
nent in FitMS’s cluster G1. Additionally, BASCULE cluster G3 and FitMS’s cluster G2 
shared similar DBS profiles (DBS5 and DBS20) but differed in their SBS signature pat-
terns. Smaller clusters from both tools displayed heterogeneous signature compositions, 
reflecting the complexity of mutational processes in colorectal cancer, where cosine sim-
ilarity in patients exposure profiles between two tools was 0.78, indicating the lowest 
compared to other two tumor types, breast and lung.

Skin cancer analysis  Due to the limitation on access to clinical data for the Genomics 
England, PCAWG and Hartwig Medical Foundation cohorts, our analysis was limited 
to the ICGC cohort. Analysing 259 samples, two clusters (samples belonging to clus-
ters with less than or equal 20 members eliminated) and 10 mutational signatures (Addi-
tional file  1: Fig. S20), include eight established signatures SBS1, SBS3, SBS5, SBS7a, 
SBS7c, SBS7d, SBS18, SBS23 and SBS43 from COSMIC and Degasperi study, alongside 
one de novo signatures SBSD4 detected using the BASCULE framework. Initially 5 de 
novo signatures were extracted, where post-inference mapping (Additional file  1: Fig. 
S20B), assigned four of the de novo signatures to known predefined signatures (SBS7d, 
SBS23 and SBS43 from COSMIC and SBS7c from Degasperi study).

Cluster G1, comprising a smaller subset of samples (n=37), exhibits a heterogeneous 
mutational profile (Additional file 1: Fig. S20C), predominantly enriched in age-related 
signatures SBS1 and SBS5, along with SBS3 and SBS18 which has been associated with 
homologous recombination deficiency and damage by reactive oxygen species. This 
distinct mutational composition suggests an etiology that diverges from the canonical 
ultraviolet (UV) damage pathway. Additionally, SBS43, classified as a possible artifact in 
COSMIC, contributes to the mutational landscape of cluster G1, with some samples dis-
playing elevated proportions of this signature. In contrast, cluster G11 (Additional file 1: 
Fig. S20C), encompassing the majority of samples (n=190), is primarily characterized by 
the SBS7 family (SBS7a, SBS7c and SBS7d), strongly indicative of UV-induced mutagen-
esis, aligning with the well-established role of UV exposure in the pathogenesis of skin 
cancers such as melanoma. Notably, signature SBS23 (from Degasperi catalogue), cur-
rently with unknown aetiology, is present, and the contribution of the de novo signature 
SBSD4 is more pronounced in G11 than in G1. The presence of novel signature SBSD4 
identified via BASCULE suggests the existence of previously uncharacterised mutagenic 
processes within this cohort (Additional file 1: Fig. S20D).

Pancreas cancer analysis  We analyzed 343 pancreatic tumor samples using the BAS-
CULE framework, identifying three clusters (samples belonging to clusters with less 
than or equal 20 members eliminated) and 14 mutational signatures (SBS1, SBS2, SBS3, 
SBS5, SBS8, SBS13, SBS17b, SBS18, SBS26, SBS31, SBS36, SBS44, SBS101, SBS127) from 
the COSMIC and Degasperi study catalogues (Additional file  1: Fig. S21A). Seven de 
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novo mutational signatures were initially extracted and subsequently mapped to estab-
lished signatures through post-inference analysis (Additional file 1: Fig. S21B), including 
SBS17b, SBS26, SBS36 and SBS44 from COSMIC and SBS8, SBS101, and SBS127 from 
Degasperi et al study.

In cluster G0 (n=278), as the largest subgroup, there is a heterogeneous mutational 
profile dominated by the age-related SBS1 signature (Additional file 1: Fig. S21C), along-
side SBS127 and SBS8 (linked to homologous recombination deficiency, HRD) from 
the Degasperi catalogue. Cluster G2 (n=39) was characterized by SBS5 (aging-related) 
and SBS8 (HRD), while cluster G4 (n=26), the smallest subgroup, was defined by SBS1, 
SBS101, and a complex mix of signatures (Additional file 1: Fig. S21D), rendering it the 
most intricate subgroup.

Esophagus cancer analysis  We examined 315 esophageal tumor samples using the 
BASCULE framework, identifying two clusters and 14 mutational signatures (SBS1, 
SBS2, SBS3, SBS5, SBS13, SBS17b, SBS18, SBS28, SBS35, SBS40a, SBS44, SBS122, 
SBS127, SBSD13) from the COSMIC and Degasperi study catalogues. Kaplan-Meier 
survival analysis was conducted over an 8-year period, where both clusters indicated 
nearly identical survival trajectories. This may indicate that the BASCULE framework 
didn’t stratify samples, with distinguished survival outcomes or that the subgroups are 
defined by factors unrelated to survival outcomes.

Exposure analysis  We utilized the exposure matrix inferred by the tool to analyze 
mutational signatures associated with clusters. For this purpose we quantified variations 
in signature exposure distributions among clusters and identified statistically significant 
enrichment of signatures within specific subgroups compared to other subgroups by 
generating standardized metrics named Differential Exposure Score [50].

We applied a non-parametric Kruskal-Wallis test and, for each signature, we applied 
logarithmic inversion for p-values derived from the test. These scores enabled compara-
tive analysis of signature-specific differences across clusters and were visualized using 
barplots to highlight statistically meaningful distinctions (Additional file  1: Fig. S22).
Exposure analysis was conducted across three tumor types, with the results visualized 
using bar plots and statistical significance assessed at a threshold of p-value=0.05. In 
the skin tumor cohort (Additional file 1: Fig. S22), signatures such as SBS5 (age-related), 
SBS7a (UV light-induced), and the de novo signature SBSD8 exhibited significantly dif-
ferent exposures between two distinct clusters. In pancreatic tumors (Additional file 1: 
Fig. S22), a higher number of clusters revealed a broader set of significantly differentially 
exposed signatures, including SBS1, SBS2, SBS5, SBS8, SBS31, SBS101, and SBS127. 
These distinct exposure patterns were reflected in clear patient stratification, as sup-
ported by Kaplan–Meier survival analysis. In contrast, analysis of esophageal tumors 
(Additional file 1: Fig. S22) identified signatures SBS17b, SBS127, SBS18, SBS1, SBSD13, 
SBS28, SBS40a, and SBS5 as significantly differentially exposed across clusters; how-
ever, these differences did not correspond to meaningful patient stratification based on 
Kaplan-Meier survival curves.
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Unmapped de novo signatures  The de novo signatures had no mutual signatures with 
a cosine similarity higher than 0.8 compared to known signatures from the Degasperi et 
al study and the COSMIC catalogue. This threshold value is based on heuristics and may 
yield different results with varying values. To assess the difference between de novo and 
known signatures, we subsequently mapped these de novo signatures using a threshold 
lower than 0.8 (Additional file 1: Fig. S8). The results indicate that some known signa-
tures still exhibit similarities close to 0.8 with specific de novo signatures. This compari-
son highlights the need for further investigation into selecting an appropriate threshold.
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