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ABSTRACT

Cancer genomes possess diverse mutational patterns across multiple profiles, in-
cluding single base substitutions (SBS), small insertions and deletions (ID), copy
number variations (CN), and structural variants (SV). These profiles provide dis-
tinct, yet complementary perspectives to understanding a tumor’s genomic land-
scape, which is essential for optimal patient care. Learning unified representa-
tions across this complex mutational landscape can reveal deeper insights into
cancer biology, therapeutic interventions, and patient stratification. We present
MutEmbed, a self-supervised framework that uses attention mechanisms to weigh
and integrate information across mutational profiles, capturing their latent bio-
logical interdependencies. We use SBS, ID, CN, and SV calls for samples from
the Pan-cancer Analysis of Whole Genomes (PCAWG) dataset (n = 2748). Using
MutEmbed, we derive embeddings for each sample and demonstrate their biologi-
cal relevance by analyzing cancer-type specific clustering patterns and enrichment
patterns with DNA damage and repair pathway activities.

1 INTRODUCTION

Genomic instability (GI) is a well-established hallmark of cancer driven by the accumulation of
genetic alterations, including single base substitutions (SBS), small insertions and deletions (ID),
copy number variations (CN), and structural variants (SV). Patterns in these mutational profiles can
inform underlying mechanisms of GI and reveal key insights into tumor evolution, DNA repair de-
ficiencies, and potential therapeutic vulnerabilities. When analyzed collectively, the relationships
within and between these profiles could reveal synergistic patterns that may be overlooked in single
profile analyses (Everall et al.| [2023)). This approach provides a more comprehensive understand-
ing of tumor heterogeneity, which can inform treatment strategies and ultimately improve patient
outcomes. Computational methods, including machine learning and deep learning, are increasingly
being studied to extract meaningful features from complex biological data and uncover insights into
tumor biology and precision oncology. |Anaya et al.| (2023)) showed an attention-based model that
analyzed somatic mutations considering their local context using weakly supervised learning, and
achieved superior performance in downstream tasks such as classification of tumor type and predic-
tion of microsatellite status using the derived features. However, they only consider single domain
contexts (for example, they show using SBS features) rather than integrating multiple sources of
information.

We build on this idea by extending attention mechanisms across multiple mutational profiles with
MutEmbed, a self-supervised framework that learns unified cancer sample representations. Our
approach projects each mutation profile, or modality (SBS96, ID83, CN48, and SV32 - corre-
sponding to the number of features for each mutation profile), into a shared embedding space
where cross-modal attention enables information sharing between different mutation types. Through
a reconstruction-based training objective, the model learns to preserve and integrate information
across all profiles into a compressed latent representation, allowing biological relationships between
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