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Motivation / Problem

. Many published models are evaluated on cancers that
Modern cancer Al usually depends on many disparate . . .
. . 1 . also appear in training -> Strong performance may
task-specific labeled datasets, supervised models, and validation . . .
reflect memorizing cancer-specific patterns rather than

pipelines for different problem:s (eg.. mutation prediction, subtype learning the shared biological mechanisms that make
classification) .
tumors aggressive.

Survival offers a different possibility. Unlike specialized labels, survival
outcomes are relatively common in research datasets and reflect the
combined effects of many biological processes, including driver
mutations, genomic instability, immune state, and therapy resistance.




Research Questions and Hypotheses

Q1: Can survival act as a global supervision signal
for learning transferable tumor biology leveraging
deep learning?

Q2: Can a model trained on some cancers
generalize to entirely unseen cancers without
being told the cancer type at inference?

Q3: Does the learned embedding capture broader
biology, such as biomarkers, immune state, and
latent subtypes, even without direct supervision
on those tasks?

Hypothesis

Because survival reflects many underlying biological
processes related to tumor aggressiveness, a
multimodal model trained on survival should learn a
general biological embedding that:

e  supports zero-shot survival prediction in
unseen cancers,

e preserves meaningful molecular and clinical
structure,

e and can be reused for downstream oncology
tasks with simple probes.

_________________________________________________________________________________________________________________________



| OmniSurv: Multimodal Survival-Supervised
Representation Learning

To test this idea, | built OmniSurv, a multimodal model that integrates
six patient data modalities into a shared patient embedding:

Pathology images to capture tumor morphology

RNA expression to measure transcriptional activity
Copy-number variation (CNV) to reflect genomic instability
Somatic mutation (SNV) data to capture driver alterations
Clinical variables to provide patient-level context
Biology/text context from curated pathways and literature

Each modality is first encoded into a common token space. These
tokens are then fused by cancer-conditioned transformer blocks,
where:

modality tokens first interact through self-attention,
a context token then uses cross-attention to pool information
across modalities,

e and the final context token becomes the patient embedding
used for survival prediction and downstream tasks.

Training uses a stratified Cox survival loss, which compares patients
within the same cancer during training so the model cannot rely on
simple between-cancer survival shortcuts.
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Evaluation Protocol

The central goal of this project is not just to predict survival on familiar
data, but to test whether the model learns transferable tumor biology.

To do that, | used a cancer-type holdout protocol instead of standard
pooled cross-validation:

e The model was trained on only 10 anchor cancers
e It was then evaluated on 22 completely unseen cancers
e Atinference, the model was not given the cancer type

This creates a zero-shot setting where the model cannot rely on
memorized disease-specific patterns. Instead, it must generalize using
biological signals that are shared across cancers

To make this evaluation more honest, the primary metric is
within-cancer C-index, which measures whether the model can
correctly rank patient risk inside each unseen cancer, rather than
benefiting from broad survival differences between cancer types.

TCGA - 33 Cancer Types * 6,592 Patients
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Stratified Cox loss — within-cancer comparisons only. 80/20 patient split for train/val. No test cancer type appears here
.
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Zero-Shot Test: 21 unseen cancers - 3,455 pts
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Results: OmniSurv Generalizes to Unseen Cancers for

Survival

OmniSurv retained strong prognostic performance even when evaluated

on cancers it had never seen during training.

On the unseen-cancer test set:

the model achieved strong zero-shot survival discrimination

it maintained high time-dependent AUC

and its predictions separated patients into clearly different risk

groups

This means the model was still able to identify which patients were more
likely to do poorly, even in entirely new disease settings.

The most important result is that performance remained strong within
individual unseen cancers, which supports the idea that the model
learned transferable aggressiveness biology rather than only broad

cancer-level survival differences, .
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Hoadley Molecular Group Clustering
Groups based on cell-of-origin biology (Hoadley et al. 2018)
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Results: The Embedding Captures Biology Beyond Survival
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This is important because none of these tasks were used as the main training
objective. They emerge from a model trained only on survival, suggesting that
survival can act as a global teacher for learning reusable tumor biology.
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Conclusions and Limitations

Conclusions Limitations

These results support the idea that survival can act as a global Although these results are promising, this work has important limitations.
supervision signal for learning transferable tumor biology.

- The model was evaluated primarily on TCGA-derived data, so broader external and

Even though OmniSurv was trained only on survival outcomes, the learned multi-institutional validation is still needed.
embedding retained strong prognostic information, meaningful molecular - Strong predictive performance does not by itself prove causal biological understanding.
and immune-related structure, and latent subtype organization. This is demonstrated by moderate and sometimes low alignment metrics with with labe

biological datasets.
This suggests the model learned more than shortcutting. Instead, it 2

appears to have learned shared biological signals of tumor Future work will focus on:

aggressiveness that transfer across diseases.

testing on more external cohorts and rarer cancers

improving calibration and deployment safety

strengthening robustness under missing or shifted modalities

and refining the representation for clinical and biological interpretability

That is important because it points toward a different strategy for
oncology Al where instead of training a separate model for every mutation,
subtype, or task, it may be possible to train one general multimodal
backbone and reuse it across many downstream problems.

Impact

reduces dependence on many separate labeled datasets
improves scalability across oncology
may be especially useful for rare, low-resource, and previously
unseen cancers

e provides a more honest benchmark for biological generalization
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