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1. Introduction

Mutational signatures, defined as characteristic patterns of somatic mutations in cancer genomes,
shed light on the mutagenic mechanisms and origins of cancer. Mutational signature analysis [1-4]
leverages computational techniques to identify recurring patterns within the spectrum of genetic
alterations observed in tumors. Using mutational signature analysis, investigators can identify
biological processes responsible for tumorigenesis. For example, Nik-Zainal et 4/. [5] used mutational
signature analysis to identify signatures associated with the activity of APOBEC cytidine deaminases,
a family of enzymes that can induce cytosine-to-uracil deamination, leading to characteristic C>T and
C>G mutations at TpC dinucleotides. This signature pointed to endogenous APOBEC activity as a
significant mutagenic process in the development of breast cancer. For another example, Alexandrov
et al. [6] investigated mutational signatures in lung cancers occurring in smokers and found a strong
prevalence of a signature characterized by C>A transversions. This signature was experimentally linked
to benzo[a]pyrene, a carcinogen present in tobacco smoke, providing evidence that tobacco-induced
DNA damage is a driving mutational process in lung tumorigenesis. In addition to their role in the
elucidation of cancer etiology, mutational signatures can provide therapeutic and prognostic insights
[4,7], as documented in a recent review by Brady 2022 [8]. For example, mutational signatures of
homologous recombination deficiency are predictive of PARP inhibitor efficacy, mutational signatures
indicating mismatch repair deficiency are directly correlated with response to immune checkpoint
blockade, while APOBEC-related signatures are predictive of ATR inhibitor efficacy.

The development of computational methods for the estimation of mutational signatures in
increasingly complex data sets is an important area in cancer research. A 2022 review identified 14
methods for the estimation of mutational signatures de novo [9]. Since somatic mutation data are often
collected as part of different studies, ranging from large-scale sequencing efforts [4] to correlative studies
within clinical trials, [10,11] there is a growing need for multi-study methodologies that facilitate
integrated analyses of multiple datasets. Important questions include, for example, identifying and
removing artifacts that make it insufficient to simply merge data from different sources; discerning
whether signatures identified in a study are or not the same as those previously proposed; contrasting
studies that consider different subtypes or conditions, and so forth. Here, we review two recent
contributions in this area, in which we endeavored to offer a rigorous and comprehensive statistical
framework for mutational signature analysis over multiple datasets. Although many approaches have
been introduced to summarize and interpret the results of multiple signature analyses from different
studies and distinct datasets, integrated statistical models allow joint analyses of multiple datasets.
Both these models offer two types of advantages: 1) an increased learning efficiency compared to
analyses based on a single dataset and meta-analyses, and 2) a support for rigorous assessment of the
uncertainty on the results. Finally, we highlight the type of cancer biology insight that researchers can
glean from this kind of integrated analysis.
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2. Methodology

2.1 Nonnegative matrix factorization for mutational
signatures

To better understand how mutations arise in cancer, researchers
have developed systems to classify single-base substitutions (SBSs)
based on both the type of mutation and the surrounding DNA
sequence. A widely used motif-based scheme [2,5,12,13] formalized
a system based on the six possible substitutions (C>A, C>G, C>T,
T>A, T>C, T>G), reported on the DNA strand where the original
base is a pyrimidine (C or T), and the 4 nucleotides flanking the
mutated base on each side. This results in / = 4x6x4 = 96 different
types or “motifs” of mutations. Based on the individual counts of
somatic mutations of each type, patterns can be learned using Non-
negative Matrix Factorization (NMF) [14]. Considering first a single
study, for each tumorj=1,..., J, let m, denote the number of
observed SNVs of motif 7 in patient . These counts form the mutation
count matrix M of dimension 7 x/. Like other popular dimension
reduction approaches, such as principal component analysis, NMF
seeks a concise representation of this data as: M ~ P E, where P is
an [ x K matrix whose column p, represents the /-th mutational
signature, with P denoting the frequency of the motif 7 in the
signature 4. In NME unlike other dimension reduction approaches,
both P E are positive and the columns of P are not required to be
orthogonal. This permit learning the activity of separate biological
processes even when they have some preferred motifs in common.
The K x J matrix E represents signature exposures. These quantify
the contribution of each signature to the mutation counts in each
tumor. This factorization expresses the mutation profile of each
tumor as the sum of the contributions arising from a small number
of mutational signatures, each associated with a specific pattern of

nucleotide changes. This framework can also be extended to include
dinucleotide mutations, indels, copy number changes, structural
variants, and other mutation types by defining appropriate motifs.

In a de novo analysis, both the signatures and the exposures can be
learned from the mutation count matrix. Optimization approaches
proceed by minimizing ||M - P E|| with respect to Pand E for a fixed
rank K'and norm || - ||, possibly with additional regularization. ||
- P E|| quantifies how well P and E can reconstruct M. In statistical
approaches, M is seen as a random matrix governed by parameters
P and E. A statistical model can reflect directly how the data are
collected, for example via conditional independence assumption
when patients are a random sample from a population. Statistical
models can also explicitly account for measurement error, and other
sources of variability [15-17]. Table 1 provides a summary, likely to
be incomplete very soon, of methods to infer signatures and to learn
the distribution of exposures in a population from somatic mutation
counts. A comparison of signature analysis methods and software is
available on the SigFitTest [18] website.

2.2 Multi-study analysis

In the context of mutational signature analysis, data integration
playsa crucial role in uncovering biologically meaningful patterns that
may be obscured in single-source or single-cohort analyses. There are
two complementary types of integration problems: 1) Multi-study
integration, where somatic mutation data, summarized as mutation
motif counts, are collected across multiple independent studies,
cohorts, or cancer types, each measuring the same set of mutational
features; and 2) Multi-modal (or multi-platform) integration, where
different types of complementary data, such as mutation signatures,
gene expression, copy number alterations, or clinical covariates, are
measured on a set of tumor samples or patients.

Table 1. Topics and associated software packages for mutational signature analysis.

Topic

Software Packages / References

Early approaches using the Poisson model

Emu [19], signer [16]

Dirichlet mixture specifications

Pmsignature [20], sigfit [21], mSigHdp [22], Compressive NMF [23], Hansen 2025
[24]

Regularization methods for sparsity, stability, and automatic
rank selection

SignatureAnalyzer [25], sigLASSO [26], sparseSignatures [27], SigProfilerExtractor
[9], MuSiCal [28], Compressive NMF [23]

Alternative prior specifications

Sigfit [21], BayesPowerNMF [29], BayesNMF [30]

Ensembling

MetaMutationalSigs [31]

Higher resolution alphabets

TensorSignatures [32]

Efficient Bayesian Decomposition with Principled Automatic
Identification of Rank

bayesNMF [30]

Joint discovery and recovery of known signatures

SignatureAnalyzer [25], sigLASSO [26], SigProfilerExtractor [9], Grabski 2025 [17]

Multi-study analyses

Grabski 2025 [17], Hansen 2025 [24]

Covariates and spatial variation

Robinson 2019 [33], Grabski 2025 [17], Hansen 2025 [24], SigProfilerTopography
[34]

Dependence in Mutation-Type Probabilities

Lang 2025 [35]

Autoencoder-based signatures

MUSE-XAE [36]

Other available software. Most of these toolboxes provide
“one-stop” solutions with extensive functionality.

COSMIC [37] (includingSigProfiler), SomaticSignatures [38], MutSpec [39],
mSignatureDB [40], MuSiCa [41], BayesNMF [30], Signal [42], Sigflow [43],
MutSignatures [44], mmsig [45], muscatk [46], MutationalPatterns [47],
SigProfilerAssignment [48]
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The focus of this article is multi-study analysis, whose primary
goal is to decompose mutational counts into shared signatures that
recur across studies and study-specific components that reflect
unique processes, such as population-specific exposures. For
example, integrating SNV data from multiple cancer cohorts can
enhance the recovery of robust mutational processes, such as aging,
while also isolating noise or signals unique to a given study.

It is important to distinguish multi-study analysis from Multi-
modal integration which, in contrast, seeks to jointly model
heterogeneous data modalities that provide complementary views
of tumor biology on the same tumor. For example, for a tumor
sample, investigators may have measurements of mutational
signature exposures, transcriptomic profiles, methylation states,
and radiological [49]. Mathematically, in a multi-study analysis
the multiple matrices share common labels of the variables or rows,
while in multi-model analyses the multiple matrices share common
labels of the columns, or subjects. Although many existing signature
studies focus only on SNV, integrating additional molecular layers
or clinical characteristics can reveal how mutational processes relate
to phenotypic variation, treatment response, or prognosis [49,50].
Without attempting a systematic review, recent statistical methods,
such as multi-omics factor analysis [51] and DIABLO [52], jointly
infer latent structures across complementary data types, revealing
relations between mutational processes and other tumor-specific
features.

In this review, we focus on NMF methods specifically designed
for multi-study analysis. Within a Bayesian modeling framework,
recent advances have addressed several key challenges: jointly
analyzing multiple studies or conditions; integrating patient-level
covariates to account for individual heterogeneity; incorporating
previously known signatures into probabilistic models; and learning
concise representations of mutational signature exposures at the
individual level. Two models have been developed to address non-
negative matrix factorization in the multi-study framework: Multi-
Study Non-Negative Matrix Factorization [17] and the Bayesian
Probit Multi-Study Non-negative Matrix Factorization [24].

2.3 Bayesian Models

2.3.1 Bayesian NMF: We now extend the setting of Section
2.1 to the case of S studies, each comprising /. observations (e.g.
tumors) and providing the count matrix M, of dimension 7 x /s for
s=1, -+ S In Multi-Study Non-Negative Matrix Factorization
[17], a key feature is that the set of active mutational processes is
specific to the study, but if process 4 is shared by multiple studies,
the corresponding signature p, remains the same. To achieve this, the
mutational counts of study s are decomposed as:

M |~ Poisson

< RIS

I'xJ I x K

for s = 1, ... S Here, dimensions are in gray. The matrix P
includes all signatures active in at least one study. The matrix 4 is a
diagonal study-specific matrix of indicators that identify signatures
active in study s, that is, the 4-th diagonal element of 4 is 1 if
signature /4 is active in study 5, and 0 otherwise. Lastly, E is the
exposure matrix for the study s.

Bayesian modeling proceeds by assigning prior distributions to

these matrices. Priors can be specified to be relatively vague or can
incorporate information from prior studies or catalogs, as we will see
later. Grabski [17] assigns conjugate Gamma priors to the elements
of both the signature and exposure matrices:

Py, ~ Gamma(ad, +1,8%), Eyj, ~ Gamma(og, + 1, 55;)),

with hyperpriors placed on the shape and rate parameters to
allow adaptive regularization:

ab, ~ Exponential(),) 85, ~ Gamma(ay, b,),

ag, ~ Exponential(\.), Brj, ~ Gamma(ac, be).

The binary inclusion matrix A, which encodes study-specific
signature activity, is given a Bernoulli prior 4, ~ Bernoulli(g),
allowing for sparsity in signature sharing across studies.

2.3.2 Recovery and discovery using Bayesian NMF: A
key innovative use of this model is the introduction of semi-
supervised recovery-discovery matrix factorization, which allows for
simultaneous identification of known signatures and discovery of
novel ones. The resulting method incorporates signatures from, for
example, the Cosmic [37] database, while allowing for uncertainty
in the precise values of the entries of P . To achieve this, NMF
decomposition is split into two additive components: one for
recovery of known signatures and another for discovery of novel
study-specific signatures, such as those arising from previously
unexplored tissues, exposures, treatments, or sequencing protocols.
Formally, we arrange the M, ~ Poisson (PA E) structure as follows:

zalm

IxK

M |~ Poisson P*
[% Kg

I J.

where P® represents the recovery component and contains a
fixed number K, of previously proposed (“old”) signatures. Although
elements of P¥ are previously proposed signatures, they have been
estimated with varying degrees of statistical errors and occasionally
might be affected by artifacts. Based on these considerations, they are
assigned strong priors to leverage existing knowledge and encourage
estimates close to the original proposals but also allow small
departures. In contrast, P” represents the discovery component,
consisting of an unknown number K of “new” signatures. The
study-specific presence or absence of these signatures is encoded by
binary indicator matrices A* and 47, for the recovery and discovery
components, respectively.

2.3.3 Bi-clustering and covariate effects via sparsity in
exposures: BaP Multi-NMF: Not all signatures are active in every
tumor, a characteristic that is captured by positing that the exposure
matrix is sparse, that is that it includes many zeros. We developed
a muld-study probit mixture model (BaP Multi-NMF) to encode
this sparsity [24], allowing each tumor to be represented by only a
subset of signatures and allowing this subset to depend on covariates.
BaP Multi-NMF accomplishes this goal by using a mixture prior on
exposures, clustering exposures into one of two groups: one group
denoting substantial exposure or detection of a mutational signature,
and another group denoting negligible exposure or no detection. In
effect, BaP Multi-NMF enforces a shrinkage effect on non-important
mutational signatures. This approach enables: (a) more accurate
identification of mutational signature contributions at the individual
level; (b) improved estimation of signature activity prevalence within
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cancer types; and (c) de novo identification of interpretable patient
subtypes across cancers based on their mutational profiles.

In the BaP Multi-NMF model, the mutational counts are
decomposed as:

E;
M |~ Poisson H I—, Wy

where P, as above, is the / x K signatures matrix and E_is the
K x J exposures matrix. In Hansen 2025 paper [24] the matrix W,
= diag (w, . . .
mutation counts by subject and motif; that is w; = Sk ma;. These
quantities are actually unknown prior to conducting the study and
in some cases (e.g., extreme genomic instability) can be informative
of signature activity. Thus, this is a limitation of this specification,
introduced for computational efficiency.

,w ;/;) is fixed and its entries are set at the total

In contrast to the Grabski 2025 paper [17], this model assumes
that the columns of the signature and exposure matrices are
normalized to sum to one and assigns them Dirichlet priors:

pi. ~ Dirichlet (o)
ey; | {asjx} ~ Dirichlet ({asjkazl +(1- am,)aﬁ”}f;I) R

where P, is the kth column of the signature matrix P and the
vector a? is set to (o, . . ., a?) for some o? € R.. In addition, e_is the
jth column of the exposure matrix E, for study s and o' € R, and
a2 e R. such that a¢' is much greater than 2 so that two components
well approximate inclusion and exclusion of exposure ¢ ;.

This hierarchical model incorporates covariate information x_
into the signature process via a probit hyper-prior on E, allowing
the model to flexibly modulate exposure distributions based on
sample-level features. To this end, the variable agx =1I(ag; > 0) is
important for the interpretation of the model’s results. It is a binary
variable and indicates whether the signature £ is active specifically in
sample j of study s, depending on both mutation counts and patient
characteristics. This is achieved by modeling the latent variable a;j,
using probit regression:

a:jk ~N(BLxs, 1), Ba~N (,30,7'5}1[@) s Tk~ T (7,72)

where Bo€ R%, 71 € R+, and 72 € R+ are fixed hyperparameters.

Estimation of signatures and analysis of the influence of
covariates, such as cancer treatments or age, on the number of
mutations associated to each signature have been approached as two
separate tasks. The Bayesian NMF models that we described allow
users to estimate signatures and investigate the role of covariates
by incorporating covariate effects. In particular, the Probit model
estimates which signatures contributed to mutation counts. Various
forms of relationships between covariates and mutations can be
explored through the rich catalog of links from the generalized
linear models literature. For example, to obtain a re-scaling effect of
covariates on the individual exposures, one can (dropping the study
subscript for a moment) model the expectation of exposures ¢, to
be a function of the covariates, like (ar+5k7;). We used these link
functions to investigate relationships between tumor-level exposures
and covariates and to assess whether factors such as sex, smoking
status, or inherited susceptibility influence the individual mutation
profile [17,24]. Although previous studies have correlated estimated
exposures with patient characteristics [33,53,54], the study of joint

Bayesian models has shown that covariates can also be leveraged to
improve the estimation of mutational signatures.

3. Early Onset Breast Cancer Signatures and Smoking

We applied our multi-study NMF approach to study the role
of mutational signatures in early-onset breast cancer [17]. Such
cases are associated with worsened survival and more aggressive
presentation, yet much remains unknown about their underlying
mutational processes. Previous work has used conventional, single-
study methods to compare mutational signatures across age [55], but
a multi-study approach allows us to more systematically discover the
shared and unique mutational processes underlying these age groups.
Moreover, our approach naturally enables the inclusion of data from
multiple cohorts, which improves the power to detect subtle effects.

Specifically, we conducted an analysis considering breast tumors
spanning multiple age groups from two different sources, TCGA
and PCAWG. In our analysis a “study” is a combination of age
group (20-29, 30-39 or 40-49) and source (TCGA and PCAWG),
allowing us to address both 6 biological differences between age
groups, and replicability of signature discovery across sources.

Our multi-study methods are particularly well-suited for
scenarios like these, where there are substantial technology-driven
differences between the two sources and sometimes small sample
sizes, e.g. with just seven tumors in the TCGA 20-29 group. Using
our recovery-discovery approach, we ultimately found a total of 41
signatures including many that have been previously reported to play
an important role in breast cancer, such as the canonical signature
SBS3 that represents defective homologous recombination DNA
damage repair.

Interestingly, however, the youngest group (TCGA 20-29)
lacked SBS3, along with some other traditional breast cancer
mutational signatures. Instead, there were several signatures unique
to this group that pertain to environmental exposures, including
the canonical smoking signature SBS4. This suggests that, uniquely
in this age group, environmental and lifestyle factors may play a
greater role than some of the common mutational processes, e.g.
those associated with germline BRCAI and BRCA2 mutations,
that typically lead to breast cancer development. While caution in
interpretation is required given the small sample size, this analysis
highlights our ability to extract signal in highly challenging settings
where single-study approaches would be much more limited.

4, Identifying Patient Clusters Across Cancer Types

Accurate identification of clusters of patients that share
mutational mechanisms can inform precision medicine. To illustrate
BaP Multi-NME we analyzed tumor DNA from seven cancer
types [24] and identified clusters of both signatures and patients
(see Figure 1). At the level of an individual tumor, the parameter
a, defined a binary” mutational profile” listing the mutational
signatures that are active in that tumor. This results in a useful latent
space that contains information about the relationships between
mutational profiles and signatures.

We revisit this analysis in Figure 1. In this heatmap, each entry
represents the posterior mean of «_, with rows representing profiles
and columns representing signatures. The profiles and signatures are
independently clustered using Ward’s minimum variance method
based on the Manhattan distance. The results are consistent with our
carlier findings in Hansen 2025 [24].

J Cancer Biol. 2025;6(2):108-114.

m



Citation: De Vito R, Hansen B, Grabski IN, Trippa L, Parmigiani G. Analysis of mutational signatures in multiple cancer studies: Recent Bayesian tools. ]

Cancer Biol. 2025;6(2):108-114.

—

» o %)
o ® @
o ® %]
A 2 N
o N )
i

3 Study
I 2 Breast.AdenoCA
1 ColoRect.AdenoCA
0 Eso.AdenoCA
1 Head.SCC

2 Lung.AdenoCA
3 Lung.SCC

Stomach.AdenoCA

.

O O
w N

Figure 1. Multi-cancer bi-clustering analysis: Heatmap visualizing inclusion probabilities of mutational signatures across all samples in the 7 cancer
types considered. In this matrix, each row corresponds to a mutational profile, each column corresponds to a mutational signature, and the color of
the heatmap is determined by the posterior mean of agj,. Mutational profiles and mutational signatures are both clustered using Ward’s minimum

variance method with the Manhattan distance metric.

Our recovery-discovery analysis identifies known mutational
signatures as well as three novel ones labeled D1, D2, and D3.
The dendrogram at the top suggests that signatures form two large
clusters with some indication of further partitioning into subclusters.
A cohesive subcluster includes mutational signatures associated with
tobacco use, SBS4, SBS2, SBS92 together with SBS22a and SBS45.
These are active in most lung cancers, including adenocarcinomas
and squamous cell carcinomas (SCC). Also, SBS93, a signature
of unknown etiology, correlates strongly with SBS3 (Defective
homologous recombination-based DNA damage repair) and other
well understood signatures in the cluster ranging from SBS6 to

SBS39 of our heatmap.

BaP Multi-NMF can also answer questions about how
mutational profiles of different cancer types relate to each other. We
find three main clusters: one that contains breast and head cancers,
one containing stomach, colorectal, and esophagus cancers, and one
containing lung adenocarcinoma and lung squamous cell carcinoma.
Each cluster can be divided into subgroups defined by cancer type,
with some notable exceptions. First, we found a small group of breast
cancers that were more similar to head cancers than the majority of
breast cancers. This result appears to be driven by lower exposure
to mutational signatures SBS40a, SBS12, and SBS3 and, more
generally, signatures in the cluster ranging from SBS6 to SBS39.
Another interesting finding is a subgroup of stomach cancers that
clustered with esophageal cancers, as a result of higher exposures to
SBS17a compared to other stomach cancers.

Opverall, these results suggest that the approach taken in my BaP
Multi-NMF not only has the potential to estimate sparse exposures
using subject-level indicators but can also generate an enriched space
which contains important information regarding the latent structure
of mutational signatures and profiles.

Software

R code implementing the methods described in “Bayesian
Multi-Study Non-Negative Matrix Factorization for Mutational
Signatures” [17] and “Bayesian Probit Multi-Study Non-negative
Matrix Factorization for Mutational Signatures” [24] is available in
the respective GitHub repositories referenced in those publications.
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