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Abstract

Background: Mutational processes shape cancer genomes, leaving characteristic
marks that are termed signatures. The level of activity of each such process, or
its signature exposure, provides important information on the disease, improving
patient stratification and the prediction of drug response. Thus, there is growing
interest in developing refitting methods that accurately decipher those exposures.
Previous work in this domain was unsupervised in nature, employing algebraic
decomposition and probabilistic inference methods.

Results: We present SuRe, a supervised approach to signature refitting that
demonstrates superiority over current methods. SuRe leverages a neural network
model to capture correlations between signature exposures in real data. We show
that SuRe outperforms previous methods on sparse mutation data from both
tumor-type-specific and pan-cancer data sets, with an increasing performance
advantage as the data become sparser.

Conclusion: We further demonstrate the model’s utility in clinical settings by
predicting homologous recombination deficiency in breast cancer from sparse
data. Furthermore, SuRe outperforms standard methods in the unsupervised
stratification of over 13,000 patients from large-scale panel sequencing cohorts,
highlighting its potential for analyzing targeted sequencing data.

Keywords: Mutational signatures, Signature refitting, cancer genomics, genomic data
analysis, somatic mutations



1 Introduction

The genomes of cancer cells accumulate somatic mutations throughout their devel-
opmental history. These mutations are the result of environmental and endogenous
mutational processes that are active in each cell. The activity, or exposure, of these
mutational processes in a genome can be revealed by the characteristic patterns of
mutations they leave, termed mutational signatures. The discovery of such signatures
is most commonly performed via non-negative matrix factorization (NMF); dozens of
mutational signatures have been identified to date in thousands of sequenced genomes
and exomes of diverse cancer types [1, 2]. These signatures are cataloged in the
COSMIC database [3].

Building on the reconstructed signatures, one of the main goals of mutational signa-
ture analysis is to infer the exposure of relevant signatures in a given sample from the
mutations it harbors. This task is called signature refitting. Perhaps the most popular
method in mutational signature analysis for inferring exposures from rich mutation
data is non-negative least squares (NNLS) [4]. Typically, this method is used to find
exposures that minimize the Kullback-Leibler divergence between the mutation counts
and the product of the signatures and the exposures. Another method that can be used
to refit mutational signatures is Mix [5], which was developed in order to cope with the
problem of sparse data, typical in data derived from targeted sequencing panels. Mix
simultaneously clusters the samples and learns signature exposures per cluster rather
than per sample based on a probabilistic mixture model. Additional methods include:
deconstructSigs [6], a heuristic based on the iterative application of the multiple lin-
ear regression and exclusion of signatures with low relative exposures; SigLASSO [7],
which seeks to produce sparse, high-confidence solutions by jointly optimizing L1 reg-
ularized signature refitting and mutation sampling likelihood; SignatureEstimation [8]
that evaluates the stability and confidence of signature activity levels by applying
perturbations to the mutation count inputs; SigNet [9], which trains artificial neural
networks based on labeled datasets to learn the prior frequencies of signatures and
their correlations in whole-exome data; SigProfiler Assignment (also called SigProfiler-
Attribution) [1, 10], which takes into account previous knowledge about the signatures
and their biological role, while iteratively adding and removing signatures to the opti-
mization based on the true count reconstruction similarity; and MuSiCal [11], which
applies a likelihood-based sparse NNLS approach.

Here, we take a different, supervised approach to mutational signature refitting,
focusing on sparse mutations data (5 mutations on average when considering panel
sequencing data). We train a neural network model that learns correlations between
signature activity levels in the input data, in order to improve exposure prediction. We
show that our model outperforms previous methods in the task of mutational signature
refitting for sparse data, suggesting that it successfully captures such correlations
within the data. Additionally, we demonstrate our model’s ability to handle pan-cancer
input data and exemplify its utility in a clinical setting.



2 Methods

2.1 Preliminaries

We focus on single base substitutions, the most common mutation type. A mutation
category denotes the substitution that occurred and the flanking nucleotides. In the
standard categorization there are 96 mutation categories, spanning six substitution
options and the two flanking nucleotides, one on each side [12].

A mutational signature is a probability vector over mutation categories. Its exposure
in a specific sample denotes the number of mutations in that sample that were caused
by the signature. If we normalize an exposure by the total number of mutations in the
sample we obtain a relative exposure. A refitting algorithm receives as input mutation
data in a collection of samples and a set of known signatures. Its goal is to infer the
exposure of each signature in each input sample. In a de novo setting the signatures
are unknown and have to be inferred as well.

2.2 SuRe

We designed a supervised learning-based approach, called SuRe (Supervised Refit-
ting), for signature refitting. SuRe receives as input a mutation count vector of size 96,
where each entry corresponds to the number of mutation occurrences in a mutation
category. Optionally, it can receive a mapping between the input samples and their cor-
responding tissues, expressed as a one-hot encoded vector of size T' (the total number
of tissues). SuRe employs a neural network model to predict signature exposures.

2.2.1 Model architecture

We propose a supervised model in which the mutation count vector of each sample ¢
is processed to predict the relative exposures of that sample.

Although standard preprocessing often involves converting mutation counts into
compositional probabilities, SuRe is explicitly designed to process raw, absolute muta-
tion counts. This design choice is biologically motivated: an increased overall mutation
burden is typically driven by an additive surge in a specific mutational process (e.g.,
mismatch repair deficiency) rather than a uniform, proportional scaling of all back-
ground signatures. Preserving absolute counts ensures this additive signal is not
obscured, whereas converting counts to a relative composition masks the absolute sta-
bility of the underlying background processes. Computationally, retaining raw counts
allows the network’s pre-activation logit magnitudes to scale naturally with the vol-
ume of available evidence. In the context of highly sparse panel data, this ensures
the model outputs more conservative (higher entropy) probability distributions, while
producing sharper, higher-confidence predictions when the absolute mutational signal
is strong. To ensure stable convergence and mitigate potential instability across vastly
different input scales, SuRe dynamically subsamples the number of mutations (m)
during training, explicitly forcing the network to learn robust representations across
the full continuum of mutation burdens.

The model’s loss is the Kullback-Leibler (KL) divergence between the predicted
relative exposure vector gy; and the actual relative exposure vector y; for sample ¢



(summed over all samples). We opted for KL divergence rather than a multinomial like-
lihood loss due to two fundamental constraints. First, the COSMIC database provides
aggregate exposures per sample rather than discrete ground-truth labels for individual
mutations, precluding a discrete likelihood approach against the target exposures. Sec-
ond, computing a likelihood against the highly sparse and noisy observed input counts
would revert the framework to an unsupervised reconstruction objective, incentivizing
the network to overfit to sampling noise. Thus, utilizing KL divergence against the
aggregate WGS exposures provides a stable target distribution that avoids overfitting
to sparse inputs.

The model is based on a Mixture-of-Experts [13] neural network architecture. The
architecture is depicted in Figure 1. It consists of two input layers: one input layer of
size 96 (the number of categories), that handles mutation count vectors, and a second
input layer of size T' (the number of distinct tissues in the data set) that handles one-
hot encoded tissue-type vectors. The inputs are concatenated and fed into a hidden
layer with 96 + T neurons. This combined representation of the inputs is fed into
e independent modules (experts) that are comprised of three fully-connected hidden
layers, each containing h neurons. Each hidden layer applies a Rectified Linear Unit
(ReLU) activation function, followed by dropout regularization, which randomly sets
a fraction p of the neurons to zero during training, to prevent overfitting. The final
layer of each expert module, consisting of S neurons - the number of signatures in the
data set - utilizes the Softmax activation function to produce the relative exposures, a
probability distribution over S signatures. The combined representation of the inputs
is also fed into a gating network: a fully connected layer, containing h neurons, and
a subsequent fully connected layer of size e. The output is normalized using Softmax
to get the probabilities for each expert. The e module outputs are averaged with the
expert probabilities as weights, to produce the final output. The rationale behind this
architecture is that each expert specializes in a certain type of tissue, cancer type or
exposure pattern, and the gating network decides which experts are best suited for
each input.

The model was implemented in PyTorch [14], using a Stochastic Gradient Descent
(SGD) optimizer and a cosine annealing with warm restarts [15] learning rate scheduler
with a minimum learning rate of % the initial learning rate. We implement early
stopping to prevent overfitting: If the validation loss does not improve for 5 epochs,
training is stopped and the weights are restored from the model that had the best
performance on the validation set.

2.2.2 Training procedure and hyperparameter tuning

Our training/validation samples are randomly subsampled from a patient in the train/-
validation set in the following way: we randomly draw a patient ¢ and a number m of
observed mutations. m is sampled from a power-law distribution with an exponent of
1.15, resulting in a median of approximately 100 mutations when the distribution is
scaled to the average number of mutations per patient in the whole genome sequencing
breast cancer data set (see Mutation data). We then randomly draw m mutations from
the sample to construct a vector of mutation counts for the sample. By following this
subsampling scheme, the model is exposed during training to more sparse samples,
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Fig. 1 SuRe Mixture-of-Experts architecture. The tissue type input (size T) is concatenated
to the mutation count input (96) and fed into a layer of the same size (96+T). This combined repre-
sentation of the input is fed into e expert modules, as well as a gating network. Each expert outputs
probabilities over S signatures, and the gating network outputs e probabilities, each corresponding
to an expert. A weighted average is computed over the e expert outputs, using the gating network
outputs as weights, to obtain the relative exposure prediction.

which are inherently more difficult to predict as they often contain less information.
The original WGS samples are also fed to the model during training.

We split our data sets by patients to train, validation and test sets, so that the
total number of mutations in each set gives an approximate ratio of [0.7, 0.15, 0.15],



respectively. For the pan-cancer data, we perform the split separately for each tissue
type, so that each tissue type is represented in the three sets. The test set is not part
of the training process and is used later for performance evaluation.

The parameter S is set to the number of signatures active in the input data set
or the total number of signatures in the COSMIC database, and the parameter T is
set to the number of tissues that are represented in the data set. We used grid search
in order to tune the other two architecture parameters - e, and h. For the number of
experts (e), we examined the values: 1,4, 8,16, and for the other parameter, we tested
h € {10,100, 500}.

The learning rate (r) was tuned as part of the grid search, testing the values
r € {0.1,0.01,0.001}. First, we tuned the three parameters on the breast cancer data
set, then carried the optimal values for r to the pan-cancer data set, performing the
search on e and h. While performing a separate, exhaustive search for the learning rate
on the pan-cancer data set could potentially yield marginal improvements, we adopted
this heuristic approach due to the significant computational cost of full hyperparameter
tuning on the much larger cohort. As demonstrated in our pan-cancer evaluations, this
configuration still achieved robust convergence and outperformed existing methods.
For the breast cancer data set, r = 0.1, h = 100 and e = 4 resulted in the best
performance. We note that further increasing the learning rate r and did not improve
the performance on the breast cancer data set. Further tuning of e and h on the
pan-cancer data set resulted in the optimal assignment of e = 8 and h = 500.

For dropout regularization, we randomly dropped 20% of the units and observed
no signs of overfitting to the training data. We also tested a dropout rate of 30%,
which yielded a decrease in performance.

2.3 Architecture Validation and Expert Probing

To validate our choice of a Mixture-of-Experts (MoE) architecture, we performed two
analyses on the pan-cancer model, with full results available in Supplementary Section
S1.

First, we conducted an ablation study comparing our MoE model against a baseline
standard fully connected network with a similar number of parameters. Both models
were trained and evaluated on the pan-cancer dataset across multiple levels of data
sparsity to assess the architectural advantage on heterogeneous data.

Second, to understand the MoE’s internal strategy, we performed an expert prob-
ing analysis on a representative sparse dataset (m=30 mutations). We computed the
Pearson correlation between each expert’s gating weight and the relative exposure of
each mutational signature, thereby identifying any learned expert specialization.

2.4 Exposure inference assessment

We use two measures to evaluate the quality of the relative exposures predicted by
each method: exposure reconstruction error and exposure correlation. Let E be the
ground-truth exposures for the patients in a data set, and E the corresponding relative
exposures (i.e., normalized to sum to 1). We define the exposure reconstruction error
as the L1 norm between E and the predicted relative exposures and take the average



over the samples. This metric ranges between 0 and 2: It equals 0 when the predicted
relative exposures and the groud-truth exposures are identical, and equals 2 when
they do not overlap at all. Similarly, we define the exposure correlation to be the
average Pearson correlation over samples, i.e., correlation between the corresponding
rows of F and the predicted relative exposures. In the pan-cancer training data set,
the exposure reconstruction error and the exposure correlation between two random
permutations of the ground-truth exposures are 1.18 and 0.48, respectively. Lastly,
we define prediction bias as the signed error, the difference between predicted and
ground-truth relative exposure to a signature.

For other methods that do not directly use tissue type data, we split the samples
by tissue type and inferred exposures separately for each subset of samples, based only
on the signatures that are associated with that tissue, thus significantly reducing the
number of signatures to be considered. For completeness, we also refitted the data to
all COSMIC signatures using each competing method.

2.5 Mutation data

All main data sets were downloaded from two sources: i) previous analysis of COS-
MIC mutation data, based on a legacy version of SigProfiler, that was published in
[1], and ii) re-analysis of the data using a newer version of the software, published
in [10]. Specifically, for (i), we downloaded all available whole genome sequencing
mutation counts (aka catalogs) in https://www.synapse.org/#!Synapse:syn11726616,
as well as the corresponding patients’ exposures to mutational signatures from https:
/ /www.synapse.org/#!Synapse:syn11804040. For (ii), the WGS data was downloaded
from https://doi.org/10.6084/m9.figshare.20409430, along with synthetically gener-
ated samples that were previously used in [10] and [16] to benchmark extraction and
assignment of mutational signatures.

We separated the mutation data into three sets: i) breast cancer data set consisting
of 679 patients (195 PCAWG patients and 484 patients from the extended cohort); ii)
pan-cancer data set consisting of 4,568 patients (2,703 from PCAWG and 1,865 from
the extended cohort); and iii) synthetic data set which consists of single base substi-
tution patterns of 2,700 simulated cancer genomes, corresponding to 300 tumors from
nine different cancer types, generated using 21 different COSMIC reference signatures.
In total, the breast cancer and pan-cancer data sets consist of a total of 4,427,411 and
72,222,147 mutations, respectively.

Our analyses are based on the COSMIC v3.3 mutational signatures for the GRCh37
human reference genome. According to the COSMIC analysis there are 20 active SBS
(single base substitutions) signatures in the breast cancer data set, while there are 23
active SBS signatures according to the re-analysis.

In addition to these data sets, we have collected whole genome mutation data of
triple negative breast cancer patients from Staaf et al. [17], along with their HRD
status labels, predicted by HRDetect [18]. These labels are classified into three groups
that represent the probability of HRD: high (score above 0.7), intermediate (0.2 to 0.7),
and low (below 0.2). In total, 139 patients are predicted as “high”, while 13 and 85 are
predicted as “intermediate” and “low”, respectively. We downsampled the mutation
data using the MSK-IMPACT [19] panel and binarized the labels by excluding the
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13 “intermediate” labeled samples, leaving 224 samples, 62% of them with predicted
HRD.

2.6 Clinical stratification

To evaluate performance on native sparse data, we analyzed 13,076 samples from
the MSK-IMPACT [20] and MSK-MET cohorts [21]. We focused our analysis on the
three largest tissue cohorts available in both datasets that were also represented in
our pan-cancer training data: lung (n = 6,666), breast (n = 3,833), and prostate
(n=2,577).

We selected clinical attributes known to associate with specific mutational pro-
cesses to serve as biological benchmarks. We evaluated the association with metastatic
disease (comparing primary vs. metastatic samples) across all three tissue types.
Additionally, for lung cancer, we utilized smoking history data (available in the MSK-
IMPACT cohort), distinguishing ”Previous/Current Smokers” from ”Never Smokers”
while excluding ”Unknown” status. For breast and prostate cancers, we evaluated the
association with Homologous Recombination (HR) pathway alterations. The latter was
defined by the presence of somatic non-synonymous mutations in BRCA1, BRCAZ2, or
ATM. Finally, we also tested for association with Tumor Mutational Burden (TMB)
status (High vs. Low, defined by the cohort median) to assess whether the inferred
signature profiles capture the distinct mutational patterns associated with high tumor
burden.

For each analysis, mutation counts were refitted using SuRe, NNLS, and Sig-
Profiler. We restricted our comparison to these two methods as they represent the
most widely established benchmarks for mutational signature analysis in clinical and
genomic studies. To ensure that stratification was driven by mutational composition
rather than burden, the predicted exposure vectors were L1-normalized to sum to 1.
We then applied K-Means clustering (k = 2) to the normalized exposures for each tis-
sue and dataset separately, and evaluated the enrichment of the clinical labels within
the resulting clusters using Fisher’s Exact Test.

3 Results

To evaluate the performance of SuRe and demonstrate its clinical applications, we
conducted comprehensive testing on both synthetic and real data sets. To assess
our algorithm’s robustness under varying degrees of data sparsity, we constructed
simulated data sets by downsampling the original whole-genome sequencing (WGS)
data, randomly sampling m € {300,100, 30, 10,6, 3} mutations per patient without
replacement.

We compare SuRe’s performance against two leading refitting methods: SigPro-
filerAssignment and MuSiCal, as well as Mix - a method specialized in the refitting
of sparse mutation data, and the popular non-negative least squares (NNLS) method
that minimizes the Kullback-Leibler divergence. We could not include SigNet in the
comparison as it failed to install due to an unavailable package requirement.



3.1 Model Rationale and Architecture Validation

We first validated our choice of a Mixture-of-Experts (MoE) architecture for handling
complex, heterogeneous pan-cancer data. An ablation study confirmed that while a
simpler, standard fully-connected network performs competitively, our MoE architec-
ture provides a clear and consistent performance advantage (see Supplementary Figure
S1).

To understand this advantage, we analyzed the model’s internal mechanics on
sparse data (m = 30). The analysis revealed that the MoE learns to function as
an interpretable team of specialists, with different experts developing strong cor-
relations to specific signatures (e.g., common clock-like signatures, UV signatures,
APOBEC signatures, etc.) (see Supplementary Figure S2). A full analysis is provided
in Supplementary Section S1.

3.2 Performance evaluation on synthetic data

As a first test of our approach, we evaluated SuRe using synthetically generated
samples that were previously used for benchmarking of both de novo extraction [10]
and refitting [16] scenarios. This data set allows us to compare all methods against
ground-truth exposures. Interestingly, the top-performing method on the full set of
genome-wide mutations is MuSiCal. SuRe outperforms all methods on both metrics
when there are less than 300 mutations per sample. As expected, all methods per-
formed worse when given fewer input mutations, although SuRe and Mix were more
robust to sparse data compared to NNLS, MuSiCal and SigProfiler. These results are
summarized in Figure 2. To quantify this advantage, we compared SuRe’s performance
against the second-best method using a Wilcoxon signed-rank test. Due to the (%1
downsampling repetition strategy, sample sizes at m = 300 (N = 1) and m = 100
(N = 3) are mathematically insufficient for non-parametric significance testing. How-
ever, in the sparse data regimes that are the primary focus of this study (m < 30,
N > 10), SuRe demonstrated a statistically significant advantage, outperforming the
next best method across all repetitions. Supplementary Figure S3 shows the results
when the same synthetic data set is refitted to all COSMIC signatures, instead of only
the signatures that are known to be active in the data set. We see that NNLS, MuSiCal
and SigProfiler perform much worse in this case, as they suffer from over-assignment
of exposures to signatures that are inactive.

3.3 Prediction of COSMIC exposures in breast cancer

As a second test of our approach, we applied it to analyze real samples originating
from a single cancer type, focusing on breast cancer which had the highest number
of samples. We further restricted attention to samples that underwent whole-genome-
sequencing as we reasoned that the COSMIC estimated exposures for these samples
were the most accurate. Typically, whole-genome-sequencing (WGS) yields high muta-
tion counts (thousands of mutations), leading to larger mutation sample sizes, lower
sampling variation, and greater confidence in inferring the underlying mutation distri-
bution. In this analysis, we used only mutational signatures that were active in at least
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Fig. 2 Performance evaluation on synthetic data. Each bar represents the mean value over
[%] repetitions, where m is the number mutations per sample. The same m mutations are used to
evaluate all methods in each repetition.

one of the patients in the data set according to COSMIC. We also provide results for
the scenario where the data is refitted to all signatures, using all competing methods.

The results are summarized in Figure 3 and show that the exposures predicted
by SuRe were in better agreement with COSMIC, in terms of reconstruction error
and correlation across all sampling sizes. The results when the breast cancer data
is refitted to all COSMIC signatures are provided in Supplementary Figure S4, and
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More recently, a re-analysis of COSMIC samples was published based on a new and
improved version of the SigProfiler software [10]. This re-analysis runs sigProfileEx-
tractor for de novo extraction of mutational signatures, then refits the mutation counts
to these signatures using SigProfiler Assignment in order to infer sample exposures. We



re-trained SuRe using these predicted exposures. In this case, the exposures predicted
by SigProfiler on the full WGS mutation counts represent the ”ground-truth” expo-
sures, but the algorithm’s predictions on downsampled instances could deviate from
them. The results summarized in Supplementary Figure S5 show that exposures pre-
dicted by SuRe are in better agreement with the new COSMIC exposures compared
to other methods (excluding SigProfiler) on all sampling sizes. Interestingly, SuRe is
comparable in performance to SigProfiler for 300 mutations, and outperforms it when
there are fewer mutations per sample. As in previous results, the gap in performance
increases when the refitting is done with respect to all signatures (Supplementary
Figure S6).

3.4 A pan-cancer application

Next, we wanted to evaluate SuRe in a pan-cancer setting. Typically, exposure refitting
is performed using a limited set of signatures that are believed to be active in the
(type-specific) data set, based on prior knowledge. This is the case since the inference
is more challenging as the number of mutational signatures to be considered in the
refitting is greater (in particular, there are 58 active signatures in the pan-cancer data
set vs. 20 in breast cancer data set), and often results in over-assignment of non-zero
exposures to inactive signatures, as illustrated in [11]. However, reliably taking into
account a broader set of signatures could potentially reveal the presence of signatures
in a patient, which would otherwise have been overlooked.

For pan-cancer refitting, SuRe is capable of leveraging the samples’ cancerous tis-
sue type (one of 14 ICGC tissue types that are available in the data set), which it
receives as input, to guide the assignment toward signatures that are more likely to be
active, while attempting to refit the mutation data to all 58 signatures. The results on
the pan-cancer data set are summarized in Figure 4, and show a clear advantage for
SuRe compared to previous methods. As expected, previous methods achieve better
performance when refitting is based only on signatures that are known to be active
in the corresponding tissue type, rather than based on all 58 signatures. The distri-
butions of reconstruction errors and correlations for each method across tissue types
are summarized in Supplementary Figure S7. To assess these results in a more specific
way, we focus on a mid-range downsampling size of 30 mutations for the following
analyses (Supplementary Figures S8 and S9). SuRe is the highest scoring method on
all tissue types, when previous methods are refitted to all signatures. When each of
the previous methods is applied separately for each tissue type, SuRe performs best on
the vast majority of tissue types, despite being the only method not explicitly refitted
to signatures that are known to be active in the tissue. Next, we wanted to examine
whether the different characteristics of the cancer-specific data sets correlated with the
difference in performance between SuRe and the other method that performed best
on each cancer type. Hence, we took the difference between the reconstruction error of
SuRe and of the competing method and computed its correlation to several features.
We found that the number of samples and the total number of active signatures in a
data set were positively correlated with the improvement of SuRe over the other top
performer (0.41 and 0.53, respectively). This was also true for the fraction of flat sig-
natures in the data (0.56). To a lesser extent, the fraction of rare signatures (occur



Exposure Reconstruction

Error

Pearson Correlation

2.0

1.5

1.0

0.

[¢,]

0.0

0.8

0.6

0.4

0.

N

0.0

in less than 10% samples) also showed a small positive correlation (0.17). Finally, to
evaluate the importance of tissue-type input data in the performance of SuRe, we also
trained it without providing it with this data. Although this version still outperforms
previous methods in terms of reconstruction error and correlation to COSMIC expo-
sures, we observe a clear drop in the model’s capability when tissue-type data are
omitted. These results are summarized in Supplementary Figure S13.

)
§ A ”r
1 e 7
b :p o )
v ,”, v v’!’ i”’
‘Iga i M Ml fbfe  plle
i 1 Ay i fly! A
iy i i il i iy
iy i) i ol il !
| ! il i it it i
L % 7
i i . i j !
/AN A I P |
il ft 7 i I
i W i i | (! /
gy i it il {1 l,
||| o Ll Ll L |
i II i i it fi fh
fis! fil |ft it nifly! ulldt]
300 100 30 10 6 3
Mutations per sample
Emm SuRe mmm NNLS mmm SigProfiler 4w NNLS-PerTissue w4 SigProfiler-PerTissue
s Mix B MusSiCal vaw.  Mix-PerTissue w4 MuSiCal-PerTissue

Fig. 4 Comparative assessment - targeting COSMIC exposures on pan-cancer patients.
Each bar represents the mean value over f%] repetitions, where m is the number mutations per
sample. The same m mutations are used to evaluate all methods in each repetition.



3.5 Prediction of HRD status

To test the utility of SuRe in a clinical scenario, we examined its ability to pre-
dict homologous recombination deficiency (HRD) status from panel sequencing data.
Starting from triple negative breast cancer samples with known HRD status [17],
we downsampled the mutation data to the genomic regions of the MSK-IMPACT
panel [19]. We then applied SuRe and competing methods to analyze the downsam-
pled data. Since COSMIC’s SBS3 signature is known to correlate extremely well with
HRD status [17], we used the inferred SBS3 exposure to estimate HRD. That is, the
predicted absolute SBS3 exposures (calculated as the inferred relative exposure mul-
tiplied by the total mutation burden) according to each method were used to classify
the samples as HRD positive or HRD negative based on different decision thresholds.
In order to fully leverage our model capabilities, we fine-tuned SuRe to specifically
predict SBS3 exposure by adjusting its loss to be the mean squared error between
the predicted exposure to SBS3 and the actual exposure to SBS3. Figure 5 shows the
ROC curves of the prediction using each method. As a baseline, we added a classi-
fier that is based solely on the total mutation burden in each sample. SuRe and Mix
were the only methods that clearly improved over this baseline, and SuRe significantly
outperformed Mix.

To further examine these results, we tested the SBS3 prediction bias of each method
on the breast cancer data set. To that end, we computed for each sample the difference
between the predicted relative exposure to SBS3 and the relative exposure according
to COSMIC. We found that other methods tend to underestimate exposure to SBS3
(Supplementary Figure S10). This phenomenon was also apparent in SBS5, the other
flat signature common in breast cancer samples, but not observed in spiky signatures
that are common in breast cancer (SBS1, SBS2, SBS13, SBS18, SBS34). In compari-
son, SuRe does not show a tendency to underestimate or overestimate these signatures
(Supplementary Figures S11 and S12).

3.6 Stratification of panel data

Next, we sought to validate SuRe on native sparse data, rather than downsampled
WGS. We applied SuRe, NNLS, and SigProfiler to 13,076 samples across Lung (n =
6,666), Breast (n = 3,833), and Prostate (n = 2, 577) cancers from the MSK-IMPACT
and MSK-MET cohorts. We performed clustering of patients based on their predicted
relative signature exposures to test if the methods could recover clinically relevant
subtypes.

We first evaluated the ability of the methods to stratify patients based on their
tumor mutational burden (TMB) (Figure 6). Since the input exposures were nor-
malized prior to clustering, any stratification here indicates the detection of distinct
mutational compositions (e.g., mismatch repair deficiency signatures) associated with
hypermutation, rather than a proxy of the mutation count itself. SuRe produced clus-
ters with extremely strong associations to high TMB across all tissue types (p < 10~4°
in lung and breast). Most notably, in the prostate cancer cohort of the MSK-IMPACT
dataset, a tissue with typically lower mutation counts, SuRe was the only method
to identify a significant TMB-associated subgroup (p < 107!¢), while both NNLS
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Fig. 5 ROC curves for HR deficiency prediction - SBS3-optimized breast cancer model.
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(p = 0.16) and SigProfiler (p = 0.37) failed to stratify the patients into statistically
significant groups.

Regarding clinical outcomes, SuRe consistently produced clusters with tighter asso-
ciations to metastatic status than competing methods. In the MSK-IMPACT prostate
cancer cohort, SuRe was the only method to identify a signature-based cluster signif-
icantly enriched for metastatic samples (p = 0.032), whereas NNLS (p = 0.57) and
SigProfiler (p = 0.18) did not recover this signal. Similarly, in the breast cancer cohort
of the MSK-MET dataset, SuRe strongly stratified primary from metastatic samples
(p < 10~12), significantly outperforming SigProfiler (p = 0.027) and NNLS (p = 0.10).
We also tested for associations with metastatic status in lung cancer, but no method
produced significant stratification in either dataset (p > 0.05).

We next examined genotypic associations. In breast cancer samples (MSK-
IMPACT and MSK-MET), SuRe accurately recovered a subgroup enriched for HR
pathway alterations (p < 107! in both datasets), consistently outperforming NNLS
(p ~ 1078 and p = 0.54) and SigProfiler (p > 0.009). Associations with HR pathway
alterations in prostate cancer were found to be insignificant for all methods.

In lung cancer samples from the MSK-IMPACT cohort (where smoking history
was available), all methods successfully stratified patients by smoking status. However,



SuRe provided a clearer separation of the clinical phenotypes: it defined a cluster where
91% of patients were smokers (compared to 74% in the remaining cluster), yielding
a separation gap of 17%, compared to a 10% gap for SigProfiler, without a clearly
defined smoker-associated group.
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signature exposures alone. Note: Associations for Lung Metastasis and Prostate HRD were tested
but found to be insignificant for all methods (not shown).



4 Conclusions

We have presented SuRe, a supervised method for mutational signature refitting on
sparse mutation data. By capturing correlations between signatures, our model outper-
forms state-of-the-art unsupervised methods in reconstructing exposure profiles from
limited mutation counts, particularly as data sparsity increases. We further showed
that SuRe significantly improves the detection of homologous recombination deficiency
from targeted sequencing data compared to established methods, demonstrating its
ability to recover complex biological signals where current approaches struggle.

Our unsupervised analysis of over 13,000 samples from the MSK-IMPACT and
MSK-MET cohorts highlights the broader utility of SuRe for the retrospective mining
of large panel databases. While signature inference on sparse data is often confounded
by Tumor Mutational Burden (TMB), SuRe leverages normalized signature composi-
tion to robustly stratify patients. This approach allowed the model to identify clinical
subtypes in settings where standard methods failed to recover a significant signal, such
as identifying metastatic subgroups in prostate cancer, a tissue characterized by low
mutation counts. This suggests that SuRe can extract biologically relevant mutational
patterns even when restricted to sparse input data.

One potential limitation of SuRe is the use of COSMIC exposures as labels for its
training and evaluation. These exposures were estimated using the SigProfiler Attri-
bution algorithm [1, 10]. Clearly, the use of computationally predicted exposures as
ground-truth labels could restrict and bias the learning process. Nevertheless, we opted
to train SuRe based on the COSMIC exposures, as they serve as a standard in the
field and were shown to correlate with different clinical attributes, including patient
age [1, 22], tobacco smoking history [23], homologous recombination deficiency sta-
tus [18] and mismatch repair deficiency [22]. Reassuringly, the ability of SuRe to better
reconstruct exposures that had been estimated using rich data from very few muta-
tions suggests that it can successfully leverage information of signature co-activity,
which compensates for the sparse input data. This notion is reaffirmed by SuRe’s suc-
cess compared to other methods in predicting homologous recombination deficiency
from sparse panel sequencing data.

SuRe can be easily fine-tuned to predict exposures of specific signatures or sub-
sets of signatures that correspond to specific cancer types or biological mechanisms,
by adjusting its loss function so that the error for these signatures is minimized. In
addition, SuRe provides a major improvement over previous methods in the handling
of pan-cancer data, which could open the door for reliable refitting to broader sets of
signatures, thereby revealing the activity of rare signatures in a patient.

Supplementary information. Additional file 1: Supplementary Material.
Contains Supplementary Section 1 (Model Architecture Validation and Expert
Probing; Supplementary Figures S1-S2) and Supplementary Section 2 (Extended
Performance Evaluation and Bias Analysis; Supplementary Figures S3—-S13).
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