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Abstract

Motivation: Understanding pan-cancer level mutational landscape offers critical insights into the molecular mechanisms
underlying tumorigenesis. While patient-level machine learning techniques have been widely employed to identify tumor
subtypes, cohort-level clustering—where entire cancer types are grouped based on shared molecular features—has largely
relied on classical statistical methods.

Results: In this study, we introduce a novel unsupervised contrastive learning framework to cluster 43 cancer types based
on coding mutation data derived from the COSMIC database. For each cancer type, we construct two complementary mu-
tation signatures: a gene-level profile capturing nucleotide substitution patterns across the most frequently mutated
genes, and a chromosome-level profile representing normalized substitution frequencies across chromosomes. These
dual views are encoded using TabNet encoders and optimized via a multi-scale contrastive learning objective (NT-Xent
loss) to learn unified cancer-type embeddings. We demonstrate that the resulting latent representations yield biologically
meaningful clusters of cancer types, aligning with known mutational processes and tissue origins. Our work represents
the first application of contrastive learning to cohort-level cancer clustering, offering a scalable and interpretable frame-
work for mutation-driven cancer subtyping.

Availability and implementation: Data and Code are available at: https://github.com/25Nov/MS-ConTab

Supplementary information: Supplementary material includes Supplementary Table 1-3 and Supplementary Figure 1,
which provide additional data supporting the main results.

genomic features for unsupervised cancer clustering remains a sig-
nificant challenge.

1 Introduction

Cancer is a highly heterogeneous disease, driven by complex
genomic alterations that vary across and within tumor types.
Understanding this heterogeneity is essential for improving
cancer diagnosis, prognostication, and treatment selection. Large-
scale cancer genomics initiatives, such as The Cancer Genome
Atlas (TCGA) (Weinstein et al. 2013) have enabled comprehensive
characterization of tumors at multiple molecular levels, including
gene-level mutations (Mirzaei 2023) and chromosomal alterations
and copy number variations (Mirzaei and Petreaca 2022). However,
effectively integrating and representing these diverse, multi-scale

Two complementary perspectives have emerged to support
this goal: patient-level (sample-level) subtyping and cancer-type
(cohort-level) clustering. Patient-level subtyping captures intra-
cancer heterogeneity and focuses on stratifying individual
tumors into biologically meaningful subgroups based on molec-
ular profiles, such as gene expression or mutations. This ap-
proach has led to clinically actionable subtypes in several
cancers such as breast cancer (Orrantia-Borunda et al. 2022)
and glioblastoma (Sidaway 2017), guiding precision treatment
strategies. A range of molecular features have been used for this
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purpose, including chromosomal rearrangements (Mirzaei
2022), gene expression profiles (Al-Azani et al. 2024), and multi-
omics data including RNA sequence, copy number variants, DNA
methylation, etc. (Raj and Mirzaei 2022, Raj et al. 2024). In con-
trast, cancer-type or cohort-level clustering reveals inter-cancer
relationships and aims to group entire cancer types or tissue lin-
eages based on shared genomic characteristics. Leveraging such
large-scale datasets makes it possible to uncover higher-level
patterns, such as conserved mutational processes and evolu-
tionary constraints, that span across tumor types. These
broader insights offer opportunities for drug repurposing, bio-
marker discovery, and a deeper understanding of cancer biol-
ogy. Despite its promise, cohort-level clustering is still
dominated by conventional methods like hierarchical clustering
and non-negative matrix factorization (NMF) (Brunet et al. 2004),
which often fall short in capturing complex, nonlinear relation-
ships among genomic features.

Recent advances in representation learning, particularly
deep learning and contrastive learning, have revolutionized
patient-level subtyping by learning informative, low-dimensional
embeddings from high-dimensional omics data. Yet, these meth-
ods remain underexplored for cohort-level tasks. Alexandrov
et al. (2020) performed a landmark pan-cancer mutational signa-
ture analysis using unsupervised NMF-based methods
(SigProfiler, SignatureAnalyzer) to extract substitution and indel-
based mutational signatures from aggregated mutation spectra.
While this work has been foundational in linking mutational pro-
cesses to their biological mechanisms, its reliance on prior signa-
ture decomposition inherently compresses and smooths the
data, potentially discarding fine-grained, cancer-type-specific
variation. Moreover, NMF requires manual tuning of the number
of latent factors and assumes a linear mixture model, which may
not fully capture complex, nonlinear dependencies in mutation
patterns across cancers.

In this work, we address these gaps by proposing MS-ConTab
(Multi-Scale Contrastive TabNet), a fully unsupervised framework
for cohort-level cancer clustering. MS-ConTab learns unified
embeddings from gene-level and chromosome-level protein-
coding single-nucleotide substitution profiles using TabNet
encoders and a contrastive NT-Xent loss. By focusing on protein-
coding substitutions in frequently mutated genes, we hypothe-
size that our multi-scale contrastive approach can capture
higher-order structures across cancer types. Unlike traditional
approaches, MS-ConTab does not require predefined labels or
cluster counts, and it leverages multi-scale contrastive pretrain-
ing to generate robust, biologically meaningful representations
for downstream clustering. Our contributions are as follows:

e Introduction of MS-ConTab, the first contrastive learning
framework tailored for cohort-level cancer clustering using
protein-coding nucleotide substitution signatures.

e Combination of gene-level and chromosome-level mutation
views within a unified embedding space to capture hierarchi-
cal genomic structure.

o Identification of two distinct, biologically coherent cancer
clusters, revealing shared mutational processes across
cancer types.

e Use of TabNet encoders for feature selection, enhancing in-
terpretability of multi-scale genomic representations.

e Rigorous benchmarking against traditional and deep learning
baselines (NMF, autoencoder, SImCLR, DeepCluster, and hier-
archical clustering), demonstrating superior cluster quality.

2 Related works

A wide spectrum of machine learning techniques has been ap-
plied to cancer subtyping, with approaches spanning unsuper-
vised to supervised paradigms and addressing both patient-level
(sample level) and cohort-level (cancer-type level) analyses.
Unsupervised learning methods discover latent structure without
labels while supervised strategies leverage existing clinical or his-
topathological annotations. Moreover, studies have addressed
both patient-level subtyping, where individual tumor samples are
clustered, and cohort-level analyses, which group entire cancer
types based on shared molecular signatures.

2.1 Patient-level (sample level) clustering

Unsupervised subtyping- This approach has been widely ex-
plored using both statistical and machine learing approaches.
Statistical techniques include Non-negative Matrix Factorization
(NMF) (Brunet et al. 2004), Multiple Canonical Correlation
Analysis (MCCA) (Witten and Tibshirani 2009), iCluster (Shen
et al. 2009), iCluster+ (Mo et al. 2013), and DeepCluster (Caron
et al. 2018). Alexandrov et al. (2013) applied NMF to single-base
substitution profiles, identifying recurrent COSMIC mutational
signatures followed by hierarchical consensus clustering. More
recently, deep learning models such as autoencoders and varia-
tional autoencoders (VAEs) have been employed to compress
high-dimensional omics data into latent representations, which
are then clustered using algorithms such as k-means or Gaussian
mixture models (Way and Greene 2018). Zhang and Kiryu (2022)
integrated gene expression, methylation, and miRNA data into a
unified latent manifold via optimization and minimized the
Kullback-Leibler divergence to assign patient clusters, validating
their findings through survival analysis and pathway enrichment.
Chen et al. (2023) developed a multi-omic autoencoder frame-
woek that extracted shared and modality-specific components
from mRNA expression, miRNA expression, and DNA methylation,
applied contrastive learning to align the shared components, and
performed clustering using k-means.

Supervised and semi-supervised subtyping- Supervised meth-
ods guide representation learning using known labels such as
tumor stage, survival outcomes, or histological subtype. Metric
learning techniques (e.g., Siamese and triplet networks) have
been used to learn distance metrics that cluster samples of the
same subtype. Arora et al. (2020) introduced survClust, which
learns a feature-weighted distance metric across multi-omic
data and applies k-means to stratify patients by survival, im-
proving prognostic subgrouping. Random forest-based feature
selection followed by clustering has also been used to reduce
noise and emphasize subtype-relevant features. Dou and
Mirzaei (2025) applied Graph Convolutional Networks (GCNs)
and Graph Attention Networks (GATs) for supervised classifica-
tion of cancer subtypes from multi-omic data (DNA methylation,
RNA sequence, etc.). Although most supervised efforts are
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focused on classification or survival prediction, their learned
representations can indirectly aid clustering, subtype refine-
ment, and visualization of disease heterogeneity. In settings
with limited labeled samples, self-supervised and semi-
supervised approaches have been employed. For example, Chen
et al. (2023) designed a self-supervised framework that learns
robust representations of multi-omic profiles through contras-
tive pretraining, enabling more effective clustering and subtype
discovery with minimal supervision.

2.2 Cohort-level (cancer-type level)
clustering

This clustering approach reveals inter-cancer relationships and
operates at the level of cancer types. Compared to patient-level
subtyping, cohort analyses reduce granularity but highlight fun-
damental biological processes shared across tumor origins.
Bailey et al. (2018) applied NMF to mutation frequency profiles
aggregated by cancer type and used hierarchical consensus
clustering on COSMIC signature exposures to group cancers by
dominant mutational processes. Hoadley et al. (2014) integrated
MRNA expression, DNA methylation, miRNA, and copy-number
data across 12 TCGA cancer types, using hierarchical consensus
clustering to define “pan-cancer classes” of tumor entities.
Additional cohort-level studies include hierarchical clustering of
tissue-specific gene expression centroids across GTEx and TCGA
to map cancer-normal relationships, and self-organizing maps
on aggregated proteomic profiles to classify tumor lineages.
Despite these improvements, advanced representation learn-
ing techniques remain underutilized for cohort-level clustering.
Most cohort-level studies rely on classical statistical or cluster-
ing techniques such as hierarchical clustering or NMF, without
leveraging learned data representations. Hierarchical clustering,
in particular, is favored due to its flexibility, as it does not re-
quire re-specifying the number of clusters, unlike other techni-
ques such as k-means or Gaussian mixture models. However,
these traditional approaches often fail to capture the complex,
nonlinear relationships inherent in multi-scale genomic data.

2.3 Contrastive learning

Contrastive learning has recently emerged as a powerful para-
digm for learning discriminative representations from unlabeled
data. By maximizing agreement between different views or aug-
mentations of the same sample, contrastive methods can un-
cover meaningful latent structure in the data without requiring
class labels. Chen et al. (2023) applied contrastive learning for
cancer subtyping across 10 multi-omic datasets. Wang et al.
(2025) introduced CLCluster, a redundancy-reduction contras-
tive learning model integrating copy number variation, DNA
methylation, gene expression, miRNA expression, and alterna-
tive splicing to cluster 33 cancer types. Zhao et al. (2023) pro-
posed a contrastive learning-based framework for cancer
subtyping using multi-omics data. However, all these efforts
were limited to the patient level.

Although contrastive learning has shown promise in biomedi-
cal imaging and patient-level omics, it has not yet been applied
to cohort-level cancer clustering using mutation data. Our work
fills this gap by introducing MS-ConTab, a fully unsupervised,

multi-scale contrastive learning framework that employs TabNet
encoders and the NT-Xent loss to integrate gene-level and
chromosome-level mutation signatures. These learned embed-
dings enable robust clustering of cancer types and reveal novel
insights into pan-cancer mutational processes.

3 Methods

We propose a fully unsupervised, contrastive learning frame-
work for cohort-level cancer clustering based on protein-coding
single-nucleotide substitution patterns. The goal is to learn
meaningful representations from somatic coding mutations at
both the gene and chromosome levels and use these embed-
dings to uncover biologically coherent cancer groupings. We de-
fine the gene level as mutations occurring within protein-coding
regions of genes (excluding intronic regions), and the chromo-
some level as aggregated substitution profiles that capture nor-
malized mutation distributions across chromosomes, enabling a
complementary multi-scale representation of genomic mutation
patterns. In this analysis, we associated mutation patterns
in each chromosome with cancer type (Supplementary Figure
1A, B). For both analyses, we focused on the 25 most frequently
mutated genes in each cancer. As illustrated in Figure 1, our
framework consists of three key stages: (1) Aggregation of gene-
level and chromosome-level mutation features from curated
COSMIC somatic variant data, focusing on the top 25 most fre-
quently mutated protein-coding genes per cancer type and their
nucleotide substitution frequencies. (2) Dual TabNet encoders
trained using the NT-Xent contrastive loss to align gene-level and
chromosome-level embeddings into a unified latent space, and (3)
Clustering the learned embeddings to identify distinct cancer type
groupings. This multi-scale design enables the model to capture
both localized gene-specific and genome-wide chromosomal mu-
tational signatures, facilitating robust, biologically interpretable
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Figure 1 Overall proposed framework (MS-ConTAB).
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cohort-level clustering without supervision. The details of the
frameworks are described in the next sections.

3.1 Data acquisition and preprocessing

Mutation data for 43 distinct cancer types were curated from the
COSMIC database (Tate et al. 2019). We retained only single-
nucleotide substitutions, removed all alternative transcript data
to prevent over-counting (e.g. all gene identifiers whose gene
names end in “_ENST”) and excluded non-protein-coding var-
iants to focus on high-confidence, protein-coding mutations
(Supplementary Figure 1A, B). For each cancer type, two com-
plementary “views” of mutation patterns were constructed: (1)
a gene-level signature and a (2) chromosome-level signature.
The gene-level feature vector was generated by identifying the top
25 most frequently mutated protein-coding genes within each can-
cer type and quantifying the counts of 12 specific nucleotide substi-
tutions (A>T, C > G, etc.) for each gene (Supplementary Figure 1C).
This yielded a 25 x 12 matrix per cancer type, which was then flat-
tened to a 300-dimensional vector. For the chromosome-level
modality, we computed the counts of all 12 nucleotide substitu-
tion types for each chromosome, resulting in a vector with dimen-
sionality equal to the number of chromosomes. To account for
differences in chromosome size, these counts were normalized by
chromosome length.

3.2 TabNet encoder

TabNet (Arik and Pfister 2021) is developed as the encoder to
transform raw mutation features into low-dimensional, informa-
tive cancer-type representations. TabNet is a deep learning ar-
chitecture specifically designed for tabular data, leveraging a
sequential attention mechanism to dynamically select the most
relevant features at each decision process. This makes it espe-
cially well-suited for high-dimensional and heterogeneous geno-
mic inputs, where some features (e.g., specific gene-level
nucleotide changes) are highly informative while others are re-
dundant or noisy.

Each cancer type is represented by two complementary input
views: (1) gene-level mutation vector X, € R*® corresponding
to the top 25 most frequently mutated protein-coding genes X
12 nucleotide substitutions types. (2) chromosome-level muta-
tion vector X, € R*® corresponding to 24 chromosomes x 12
substitution types (Supplementary Figure 1). Separate TabNet
encoders are applied to each view using an identical architec-
ture composed of multiple decision steps. At each step, TabNet
generates a sparse attention mask (via sparsemax activation),
selecting a subset of features to transform through feature
transformer blocks, and progressively aggregates these transfor-
mations across steps to produce a final latent representation
hg = Eq(Xg) € R®, hc =Ec(Xc) € R®, where Eg4(.) and E.(.) de-
note the gene-level and chromosome-level encoders, respectively.
These latent vectors are then mapped to a 64-dimensional contras-
tive embedding space through a shallow projection head (2-layer
MLP), producing the final embeddings Z, €R%*, Z. €R*. We
chose a 64-dimensional latent space as a balance between expres-
siveness and overfitting: It is large enough to capture non-linear
structure across 43 cancer types, but sufficiently compact to regu-
larize the model given the limited number of cohorts. This design

enables the model to learn view-specific, interpretable representa-
tions, allowing different cancer types to attend to different sets of
genes or chromosomes. The gene-level and chromosome-level
TabNet encoders are trained jointly within a contrastive learning
framework, encouraging alignment of embeddings for the same
cancer type while enforcing separation from embeddings of other
cancer types.

3.3 Contrastive loss function (NT-Xent)

To train the TabNet encoders in a self-supervised fashion, we
adopt a contrastive learning strategy that encourages alignment
between the two complementary views of each cancer type:
gene-level and chromosome-level mutation signatures. Specifically,
we employ the Normalized Temperature-scaled Cross-Entropy Loss
(NT-Xent), originally introduced in SimCLR for image representation
learning, but here adapted for multi-view genomic data. While both
our framework and the SimCLR baseline use NT-Xent, MS-ConTab
fundamentally differs in architecture and problem framing. Unlike
SimCLR, which applies a single-view MLP encoder, MS-ConTab lev-
erages dual TabNet encoders to integrate gene- and chromosome-
level mutation signatures, enabling multi-scale, interpretable repre-
sentation learning tailored for cohort-level cancer clustering.

Each cancer type is represented by two input modalities: a
gene-level vector and a chromosome-level vector. These views
are passed through their respective TabNet encoders, resulting
in two latent embeddings (Z,, Z.), for the gene and chromo-
some modalities, respectively. The objective of contrastive
learning is to bring these two embeddings of the same cancer
type (positive pair) closer in the embedding space, while push-
ing them away from embeddings of other cancer types in the
same batch (negative pairs). The NT-Xent loss for an anchor em-
bedding z; and its corresponding positive pair z; is defined as:

on (22)

(1)
Sty Ljesy €xp (@)

L; = —log

Where $(Z;,Z;) = m is the cosine similarity between nor-
malized embeddings, 7 is the temperature hyperparameter (set
to 0.5 in our experiments), and 2N is the total number of views
in a batch (i.e., N cancer types with two embeddings each). The
total loss is averaged across all positive pairs in a batch. This
formulation promotes clustering of corresponding cancer-type
representations from the two views, while enforcing separation
from unrelated types. The total batch loss is averaged across
all views:

1 2N
[fNT_Xent = W ; Ei (2)

This formulation enforces high similarity between gene-level
and chromosome-level embeddings of the same cancer type,
while maintaining separation between embeddings of different
types. As a result, the model learns modality-invariant, discrimi-
native representations that support robust clustering in down-
stream analyses.
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4 Experiments and results

4.1 Experimental setup

All models were implemented in Python 3.9 and trained on a
workstation with an Intel CPU (32 GB RAM). Deep learning compo-
nents were implemented in PyTorch and downstream analyses,
including clustering, dimensionality reduction, and visualization
were performed using scikit-learn, umap-learn, and matplotlib.
Our proposed MS-ConTab model uses dual TabNet encoders,
each producing a 64-dimensional latent representation followed
by a 64-dimensional projection head for contrastive embedding.
The latent dimension was set to 64 to balance representational
capacity with the small sample size, mitigating overfitting risks.
Models were trained for 100 epochs using the Adam optimizer
(learning rate = 1e-3, batch size =8) with the NT-Xent contrastive
loss (temperature=0.5). All experiments used a fixed random

Cancer Type Embeddings (t-5NEI

seed (42) for reproducibility. For comparison, we evaluated five
baselines: NMF, hierarchical clustering, a shallow autoencoder,
SimCLR with a single-view MLP encoder, and DeepCluster. These
baselines provide a spectrum of deep learning and contrastive
approaches for unsupervised cancer-type clustering.

4.2 Two well-separated clusters of cancers

The projection of the learned cancer embeddings revealed two
well separated clusters among the 42 cancer types. Specifically,
we visualized the embeddings using both t-SNE (Figure 2A) and
UMAP (Figure 2B), both of which demonstrated a clear two-
cluster structure. To further validate this observation, we ap-
plied k-means clustering (Figure 2C) on the learned embedding
space, which robustly recapitulated the same two-cluster pat-
tern. We listed the names of cancer types in the two clusters
(Figure 2D). This consistency across visualization and clustering
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B. UMAP, and C. UMAP with KMeans cluster assignments (k=2). D lists the names of cancer types grouped into two clusters based on MS-ConTab
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methods indicates that the separation is a stable property of the
learned representations rather than an artifact of a single di-
mensionality reduction technique.

Cluster 1 predominantly comprises solid epithelial and paren-
chymal tumors originating in well-defined organs such as the
large intestine, lung, liver, kidney, pancreas, stomach, and thy-
roid, as well as soft-tissue sarcomas and central nervous system
malignancies.

In contrast, Cluster 2 groups together endocrine, reproductive,
and hematopoietic cancers. This includes hormone-sensitive tis-
sues (breast, fallopian tube, female genital tract, prostate—
though partially distinct), true endocrine organs (parathyroid,
pituitary; thyroid remains in Cluster 1), hematolymphoid neo-
plasms, and reproductive tract subtypes (vulva, vagina, testis,
placenta, uterine adnexa) (Figure 2D). These cancers may be influ-
enced by lineage-specific developmental or hormonal programs
in addition to mutation processes.

Further analysis of within- and between-cluster similarities
revealed high intra-cluster coherence (mean cosine similarity:
0.591 for Cluster 1; 0.965 for Cluster 2) and a negative mean simi-
larity between clusters (-0.287), confirming that the two

clusters are both internally consistent and well separated in the
embedding space. The most central cancer types, identified as
cluster prototypes by cosine similarity, were Thyroid for
Cluster 1 and Haemathopoietic and Lymphoid for Cluster 2.

To complement the clustering results, we performed a nearest-
neighbor analysis in the learned embedding space, identifying the
three most similar cancer types for each entity (Supplementary
Table 1). The results reveal biologically coherent relationships: for
instance, ovary, endometrium, and pancreas cancers frequently
appear as mutual neighbors, reflecting shared developmental and
mutational programs, while hematopoietic and lymphoid malig-
nancies cluster near thymus and pleura, consistent with their
immune-related biology. Interestingly, several cross-lineage prox-
imities also emerged (e.g., breast clustering with salivary gland and
pleura), suggesting shared underlying mutational processes not
captured by tissue-of-origin alone. This analysis provides fine-
grained insight into inter-cancer relationships, complementing the
broader two-cluster structure observed in our main results.

The cosine similarity heatmap of the learned cancer-type
embeddings is shown in Figure 3. Rows and columns are ordered
by cluster assignment, with each cell representing the pairwise
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produced highly distinct cancer groupings, in line with quantitative metrics such as the silhouette score and mean within-/between-cluster similarity.


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag131#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag131#supplementary-data

Bioinformatics, 2026, Vol, 42, Issue 5

cosine similarity between prominent diagonal blocks emerge:
cancers within Cluster 1 (predominantly solid epithelial tumors)
show uniformly high intra-cluster similarity, while cancers within
Cluster 2 (hormone-related and hematopoietic malignancies) ex-
hibit a similarly coherent pattern. In contrast, the off-diagonal
regions are largely low or negative, indicating that cancers from dif-
ferent clusters share little mutational embedding structure. These
patterns confirm both the strong internal coherence of each cluster
and their clear separation in the learned embedding space.

4.3 Quantitative evaluation confirms
cluster robustness

To assess clustering performance, we assessed the quality of
groupings in the original MS-ConTab embedding space and their
2-D UMAP projection (Table 1). The Silhouette Score is 0.561 in
the original space and 0.906 in UMAP projection, indicating that
while MS-ConTab embeddings already formed reasonably well-
defined clusters, their separation became even more distinct
when projected into two dimensions. Similarly, the Davies-
Bouldin (DB) Index is 0.655 and 0.136 in original and UMAP pro-
jection, respectively, reflecting improved intra-cluster compact-
ness and inter-cluster separation. The Calinski-Harabasz (CH)
Index rose sharply from 43.1 to 1862.0, suggesting a dramatic in-
crease in between-cluster dispersion relative to within-cluster
variance. Collectively, these metrics confirm that MS-ConTab
generates coherent and biologically meaningful clusters, with

Table 1 Clustering quality metrics for MS-ConTab embeddings.

Metric UMAP Original Embeddings
Sil T (k=2) 0.906 0.561

DBI | 0.136 0.655

CH1 1862.0 43.1

Higher Silhouette (Sil) and Calinski-Harabasz (CH) indices and lower Davies-
Bouldin (DB) indices indicate better clustering performance.
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UMAP further enhancing their separability for visualization and
interpretability.

4.4 Mutation spectrum and chromosomal
load differences between clusters

We assessed cluster-level differences in mutational processes by ex-
amining gene level as well as chromosome level nucleotide substitu-
tions. Figure 4A illustrates the average mutation counts for each of
the 12 possible base-substitution types (Supplementary Figure 1C),
for each cluster. Both clusters are dominated by C—T and G—A
transitions, a pattern characteristic of spontaneous cytosine deami-
nation and related endogenous processes. This is not entirely unex-
pected because transitions are are more likely to occur than
transversions (Vogel and Kopun 1977). However, these substitu-
tions occur at markedly higher amplitudes in Cluster 1, reflecting
a molecular difference between these two clusters. Cluster 2 dem-
onstrates the same substitution preferences but with substan-
tially lower overall counts, suggesting a lower mutation load.
Interestingly, G—T transversions are slightly more frequent in
Cluster2 compared to Cluster1, hinting at possible cluster-
specific mutational mechanisms. Importantly, the observation that
complementary substitutiosn are not equal (e.g. G >A=C>T) sug-
gests that at least some mutation processes are replication inde-
pendent (Helleday T et al. 2014, Abascal et al. 2021).

Figure 4B shows the average per-chromosome mutation load
for each cluster, normalized by chromosome length. Cluster 1
exhibits a markedly higher mutation burden across nearly all
chromosomes compared to Cluster 2, consistent with the ele-
vated genomic instability characteristic of solid tumors. In par-
ticular, chromosomes 19, 7, 9, and 1 stand out in Cluster 1, with
chromosome 19 reaching the highest mean load (~3.0 X 107%),
suggesting that mutational processes operate unequally in the
genome for cluster 1 cancers. By contrast, Cluster 2 shows a uni-
formly low and relatively flat mutation load (~0.5-1.0x 1077
across chromosomes, indicating a more stable and potentially
homogeneous mutation landscape. These differences reflect
variation in mutational processes across clusters.

B Cluster-level Chromosome Mutation Load
0.00030 -

s Cluster 1
Cluster 2
0.00025 A

0.00020

0.00015 A

0.00010 1

Average Mutation Load

0.00005 A

0.00000 -

VARG 6N D APYYOP DN PP PP DP
Chromosome

Figure 4 Comparison of mutation patterns between cancer clusters (overlaid bars). (A) Cluster-level nucleotide substitution signatures. Bars show
the average count of each substitution type across cancers in cluster 1 (blue) and cluster 2 (orange). Cluster 1 exhibits higher rates of G>Aand C>T
substitutions, while cluster 2 displays a higher rate in G > T. (B) Cluster-level chromosome mutation load. Bars indicate the average mutation load
per chromosome for each cluster, with cluster 1 showing consistently higher mutation burden across all chromosomes compared to cluster 2.
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4.5 Top mutated genes distinguish
cancer clusters

Analysis of the most recurrently mutated genes revealed striking
differences between the two cancer clusters (Figure 5). Not unex-
pectedly, TP53 dominates both clusters, underscoring its near-
ubiquitous role as a pan-cancer driver. PIK3CA emerges as a key
driver in Cluster 2, highlighting the centrality of the PI3K pathway
in hormone-related and hematopoietic cancers. TTN and MUC16
follow closely in Cluster 1, but these genes have been previously
reported to be potential false positives (Lawrence et al. 2013) and
our interpretation of their role here is also cautious.

Cluster 1 is enriched for structural and adhesion-related genes
such as FLG, OBSCN, AHNAK2, and USH2A, consistent with epi-
thelial and connective-tissue malignancies. It also features clas-
sic carcinoma drivers (KRAS, KMT2D, KMT2C, LRP1B, CTNNBL1).
Cluster 2, by contrast, features unique regulators of cell-cycle
control and signaling, including CDKN2A, NRAS, ATM, PTEN,
EGFR, NOTCH1, KIT, and HRAS, reflecting the diverse driver
pathways of reproductive and hematopoietic malignancies.
Overall, these paired barplots reveal a shared backbone of uni-
versal drivers (TP53, TTN, MUC16, KRAS) alongside cluster-
specific genes that shape the distinct mutational landscapes of
solid versus hormone-/immune-related cancer types.

To further characterize the clusters, we compared the com-
plete sets of mutated genes across them (Supplementary
Table 2). We identified 117 genes shared between clusters, in-
cluding well-known pan-cancer drivers such as TP53, KRAS,
PIK3CA, PTEN, and ARID1A. Cluster 1 exhibited 73 unique genes
(e.g., FOXL2, STK11, KEAP1), many linked to epithelial and struc-
tural functions. Cluster 2 contained 148 unique genes (e.g., JAK2,
RUNX1, MYC, EZH2), reflecting enrichment for transcriptional
regulation, hematopoietic signaling, and developmental path-
ways. This overlap and divergence highlight a shared backbone
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of pan-cancer drivers alongside distinct, cluster-specific gene
programs. Figure 6 shows a Venn diagram of recurrently mu-
tated genes across the two clusters.

4.6 Comparison to baselines

We compared the performance of our proposed MS-ConTab
against several baseline approaches to assess the quality and
discriminative power of the learned cancer-type embeddings.
Specifically, we assessed embeddings generated using NMF,
Autoencoders, DeepCluster (Caron et al. 2018), SimCLR-style
MLP-based contrastive model (Chen et al. 2020), and hierarchi-
cal clustering applied directly to the concatenated gene-level
and chromosome-level mutation features, all using the same

Overlap of Mutated Genes Between Clusters

148

Cluster 1

Cluster 2

Figure 6 Venn diagram showing the overlap of recurrently mutated
genes between the two cancer clusters. The diagram illustrates 117
genes shared by both clusters, alongside 73 unique to Cluster 1 (solid-
tumor-enriched) and 148 unique to Cluster 2 (hormone-related and
hematopoietic malignancies), highlighting both common pan-cancer
drivers and cluster-specific mutational signatures.
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Figure 5 Top recurrently mutated genes distinguishing cancer clusters. Left plot: The top 20 most frequently mutated genes across cancer types in
Cluster 1, with bar length indicating the number of cancers within the cluster in which each gene is among the most mutated. Right plot: The corresponding
top mutated genes for Cluster 2. Distinct sets of genes characterize each cluster, highlighting differences in mutational drivers and biological pathways

between groups of cancers.
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downstream clustering pipeline. Table 2 summarizes the cluster-
ing performance of six embedding/clustering methods using
k-means (k=2) in their original feature space with corressponding
results after UMAP projection provided in Supplementary Table 3.
The proposed TabNet + contrastive learning approach achieved a
strong balance across all metrics, with a Silhouette score of
0.561, a low DB index (0.655), and the highest CH index (43.1), in-
dicating MS-ConTab capture more compact and well-separated
cluster structure than competing methods.

While hierarchical clustering achieved the highest Silhouette
score (0.697), its clusters were highly imbalanced, as reflected
by its substantially lower CH index (16.3). Baseline methods
such as NMF, Autoencoder, SIimCLR, and DeepCluster exhibited

Table 2 Comparison of clustering quality across embedding methods
using k-means (k=2) in their original learned space.

Embedding Method Sil (1) DBI (]) CH (1)
MS-ConTab (ours) 0.561 0.655 43.106
NMF (k=43) 0.141 3.011 2.680
Hierarchical (Ward) 0.697 0.194 16.275
Autoencoder (AE) 0.187 1.866 2.385
SimCLR (MLP-based) (Chen 0.239 1.378 4,721
et al. 2020)
DeepCluster (Caron et al. 2018) 0.216 1.60 3.16

Higher Silhouette (Sil) and Calinski-Harabasz (CH) indices and lower Davies-
Bouldin (DB) indices indicate better clustering quality.

Cosine Similarity Heatmap (Ordered by Cluster)

Cosine Similarity Heatmap (Ordered by Cluster)

Cosine Similarity Heatmap

red by Cluster)

H

weaker cluster quality, with notably lower Silhouette and CH
scores and higher DB indices. These results demonstrate that
MS-ConTab produces more discriminative and biologically
meaningful embeddings compared to both traditional and deep
learning baselines.

The heatmaps in Figure 7 reveal substantial differences in the
clustering structures produced by different embedding strate-
gies. Autoencoder and DeepCluster embeddings (A, B) produce
relatively diffuse similarity structures, suggesting weaker sepa-
ration between cancer types. Hierarchical clustering (C) shows a
more distinct block pattern, reflecting its tendency to isolate a
few highly similar groups, though sometimes at the expense of
overall balance. NMF (D) exhibits partially structured clusters
but with less pronounced separation compared to advanced
methods. SIMCLR (E) improves separation compared to simpler
baselines, but its clusters are less cohesive than those of
TabNet. Although the SimCLR also leverages NT-Xent loss, its
MLP-based design achieved significantly lower clustering qual-
ity. In contrast, MS-ConTab (F) generates the clearest and most
well-separated blocks, highlighting its ability to produce biologi-
cally meaningful and discriminative embeddings. Collectively,
these results reinforce that TabNet embedding with contrastive
learning yields the most interpretable and biologically coherent
representations of cancer-type mutation profiles.

We performed an ablation study to verify the effectiveness of
each component of the proposed MS-ConTab model. As shown
in Table 3, the full model with both gene and chromosomal
TabNet encoders and contrastive loss achieves the best

Cosine Similarity Heatmap (Hierarchical Clustering Order)

Figure 7 Comparison of Cosine similarity heatmaps of cancer-type embeddings across State-of-the-art methods: (A) Autoencoder, (B) deepCluster,
(C) Hierarchical, (D) NMF, (E) SImCLR (F) MS-ConTab. Each heatmap shows the pairwise cosine similarities between cancer types, reordered by cluster
assignments where applicable. Brighter colors indicate higher similarity, and darker colors indicate lower similarity.


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag131#supplementary-data

10

Bioinformatics, 2026, Vol, 42, Issue 5

Table 3 Ablation study for the influence of different components on the MS-ConTab model. Higher Silhouette (Sil) and Calinski-Harabasz (CH)
indices and lower Davies-Bouldin (DB) indices indicate better clustering quality. Bold values indicate the best performance for each metric.

Method Gene Enc. Chrom Enc. Both Enc. Contrastive Sil 7 DBI | CHT

Full model v v v v 0.90 0.13 1862

w/o gene TabEnc v v v 0.50 0.72 67.62

w/o chrom TabEnc v v v 0.51 0.61 57.98

w/o gene & chrom v v 0.81 0.25 395.71
TabEncoders

w/o contrastive loss v v v 0.51 0.64 64.12

clustering quality (Sil=0.90, DBI=0.13, CH=1862). Removing ei-
ther encoder or the contrastive loss markedly degrades perfor-
mance (Sil =~ 0.50-0.51, CH < 70, higher DBI), while removing
both encoders yields only intermediate results (Sil=0.81,
DBI=0.25, CH=395.71). These results demonstrate that both
TabNet encoders and the contrastive objective are essential for
learning well-structured cancer-type embeddings.

5 Conclusion

In this study, we introduced MS-ConTab, a novel multi-scale
contrastive learning framework for cohort-level cancer cluster-
ing based on somatic nucleotide substitution profiles. By
leveraging complementary gene-level and chromosome-level
mutation views and training dual TabNet encoders with NT-Xent
contrastive loss, our method learns robust cancer-type embed-
dings without supervision. Comprehensive evaluation against
classical and deep learning baselines demonstrated that MS-
ConTab produces biologically meaningful clusters that align
with known tissue lineages and mutational processes. In partic-
ular, it effectively distinguishes solid epithelial tumors from
hormone-related and hematopoietic malignancies, revealing
consistent intra-cluster structure and distinct genomic signa-
tures across substitution types, chromosomal loads, and top
mutated genes.

Our findings highlight the power of contrastive representation
learning for uncovering pan-cancer relationships beyond
individual-level subtyping, especially when applied to interpret-
able, multi-scale mutation data. MS-ConTab sets the foundation
for future applications in pan-cancer taxonomy, drug repurpos-
ing, and mutation signature discovery. Future work could extend
this approach to include additional genomic modalities (e.g.,
structural variants, non-coding annotations) and test its utility
in other biological domains.
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