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Abstract
The Cancer Genome Atlas (TCGA) has enabled
novel discoveries and served as a large-scale ref-
erence dataset in cancer through its harmonized
genomics, clinical, and imaging data. Numer-
ous prior studies have developed bespoke deep
learning models over TCGA for tasks such as
cancer survival prediction. A modern paradigm
in biomedical deep learning is the develop-
ment of foundation models (FMs) to derive fea-
ture embeddings agnostic to a specific modeling
task. Biomedical text especially has seen grow-
ing development of FMs. While TCGA con-
tains free-text data as pathology reports, these
have been historically underutilized. Here, we
investigate the ability to train classical machine
learning models over multimodal, zero-shot FM
embeddings of cancer data. We demonstrate
the ease and additive effect of multimodal fu-
sion, outperforming unimodal models. Further,
we show the benefit of including pathology re-
port text and rigorously evaluate the effect of
model-based text summarization and hallucina-
tion. Overall, we propose an embedding-centric
approach to multimodal cancer modeling.

∗ These authors contributed equally
† Work performed as a research volunteer at CTDS.

Keywords: Multimodal Cancer Data, Foun-
dation Models, Biomedical Embeddings,
TCGA, Pathology Report Summarization

Data and Code Availability TCGA data is
publicly available through the GDC API. Ex-
tracted pathology reports from Mendely, DOI:
10.17632/hyg5xkznpx.1. Precomputed embeddings
of WSIs from HuggingFace: MahmoodLab/UNI2-
h-features. Our anonymized source code is
available from: https://github.com/StevenSong/

multimodal-cancer-modeling.

Institutional Review Board (IRB) This re-
search does not require IRB approval.

1. Introduction

The Cancer Genome Atlas (TCGA) has been the pre-
mier cancer research resource for nearly two decades
(Tomczak et al., 2015). Throughout its history, its
harmonized data (Heath et al., 2021) has enabled
novel discoveries through its multitudes of molecular
genetic data (Zhang et al., 2021), histopathological
images, and clinical descriptors for over 11 thousand
cases across 33 cancer types. There have been nu-
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merous studies which develop deep learning methods
using TCGA (Sartori et al., 2025) for various tasks,
however TCGA cancer survival has been particularly
well studied (Abbasi et al., 2024; Arjmand et al.,
2022; Liu et al., 2018).

There have been numerous studies to date that
have trained bespoke models to predict patient sur-
vival from TCGA. These models have covered a wide
range in the specific cancer types studied, the data
modalities used as predictive features, and the model
types trained. Some have leveraged histology images
(Wulczyn et al., 2020; Yang et al., 2025) or RNA se-
quencing (RNAseq) (Ching et al., 2018; Huang et al.,
2020; Qiu et al., 2020; Nayshool et al., 2022) alone,
while others have explored varying degrees of mul-
timodal integration (Chaudhary et al., 2018; Zhan
et al., 2019; Hao et al., 2019; Ramirez et al., 2021; Ma-
lik et al., 2021; Redekar et al., 2022; Sun and Chen,
2023; Fan et al., 2023; Hao et al., 2023). Most recent
papers focus on training task-specific deep-learning
models (Ching et al., 2018; Hao et al., 2019; Huang
et al., 2020; Wulczyn et al., 2020; Qiu et al., 2020;
Ramirez et al., 2021; Malik et al., 2021; Sun and
Chen, 2023; Fan et al., 2023; Hao et al., 2023; Yang
et al., 2025) and some apply simpler machine learning
models (Zhan et al., 2019; Nayshool et al., 2022; Re-
dekar et al., 2022), however few explore the synergy
of combining deep learning with simpler statistical,
machine learning models (Chaudhary et al., 2018).

A modern paradigm in biomedical deep learning
is the development of foundation models (FMs) to
derive meaningful feature embeddings (Bommasani
et al., 2021). These FMs are typically trained over
large corpora of data using self-supervision to im-
prove generalization of embeddings to downstream
tasks. Biomedical text especially has seen growing
development of FM large language models (LLMs)
(Singhal et al., 2023; Thirunavukarasu et al., 2023).
While many LLMs have been adapted towards the
biomedical domain using research text from PubMed
and PubMed Central (Gu et al., 2021; Bolton et al.,
2024; Labrak et al., 2024), more specific pathology-
report text FMs have also been developed as vision-
language models (Lu et al., 2024; Xiang et al., 2025).

While TCGA contains free-text data as pathology
reports, these have been historically underutilized.
This may in part be due to the difficulty of working
with the raw data format of these reports as scanned
PDFs. With the current interest in applications of
LLMs to biomedical domains, a recent effort by Kefeli
and Tatonetti (2024a) used optical character recog-

nition to extract the text from all available PDFs of
TCGA. To the best of our knowledge, only one other
work has explored the application of TCGA reports
towards survival modeling (Xiang et al., 2025) and
differs from our approach (see Section 4).

Here, we investigate the combination of simple
machine learning models with modern FMs (Figure
1) for predicting cancer survival using multimodal
data from TCGA.

Our main contributions are:

• Quantification of pan-cancer survival pre-
diction using rich embeddings with small
models. We contemporize survival modeling for
TCGA, the premier cancer research resource, using
zero-shot, foundation model-derived embeddings
combined with small models. Despite advanced
deep learning methods, survival models over FM
embeddings of single data modalities do not do sub-
stantially better than survival models over 5 tabu-
lar clinical features (see Section 3.2).

• Simple framework for multimodal fusion of
many data modalities that improves can-
cer survival prediction. We introduce a modu-
lar framework to do late-fusion of unimodal mod-
els, that is extensible to variable data modalities
and embedding methods. Using our approach, we
demonstrate that cancer data modalities are addi-
tive and non-redundant, including tabular clinical
features (see Section 3.3).

• Analysis on the effect of clinical text summa-
rization and model hallucination on cancer
modeling. We develop a method for automatic
pathology report summarization and propose an
approach to rigorously evaluate the effect of LLM
hallucinations during summarization. We demon-
strate that summarizing pathology report text im-
proves survival prediction and that LLM hallucina-
tions do not impact survival predictions over their
derived embeddings (see Sections 3.4 and 3.5).

2. Methods

2.1. Data and Experimental Setup

We use TCGA patient cases which have available and
valid survival data, pathology reports, tumor diag-
nostic slides, and tumor RNA-seq gene expression.
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Figure 1: Multimodal cancer modeling is vastly simplified in the age of foundation models. Simple ensembles
of small, classical models over zero-shot FM embeddings improve pan-cancer survival risk stratifi-
cation. Embedding methods are modular, allowing for simple experimentation and orchestration.

For pathology reports, we use text extracted by Ke-
feli and Tatonetti (2024a). For computational effi-
ciency, we additionally rely on precomputed UNI2
embeddings of diagnostic slides by Chen et al. (Chen
et al., 2024). Given these requirements, we first fil-
ter TCGA cases by the availability of pathology re-
port, diagnostic slide, then RNA-seq data. We down-
load the extracted text from Mendeley (Kefeli and
Tatonetti, 2024b), precomputed UNI2 embeddings
of diagnostic slides from HuggingFace (Chen et al.,
2025), and RNA-seq data using the Genomic Data
Commons (GDC) API (Heath et al., 2021). We en-
sure that the RNA-seq and diagnostic slides are de-
rived from tumor samples.

We then select cases with valid demographic and
survival data, again downloaded using the GDC API.
Specifically, we compute survival as the time between
the patient’s age at primary diagnosis and the pa-
tient’s age at last followup or death. We additionally
require non-missing patient sex. Given the final set of
cases, we split our dataset for 5-fold cross-validation.
We stratify by patient age, sex, race, ethnicity, mor-
tality, and cancer type. To stratify by age, we dis-
cretize age into 20-year age bins, i.e. [0-20), [20-40),

[40-60), [60-80), and 80+. For race and ethnicity,
missing values are replaced with “Not Reported”. We
one-hot encode demographic features (binned age,
sex, race, ethnicity) and cancer type (TCGA project)
for stratification and downstream modeling, resulting
in 17 and 32 features, respectively.

2.2. Automated Report Summarization and
Manual Correction

While the extracted pathology reports (Kefeli and
Tatonetti, 2024a) are a rich source of information,
they present multiple challenges. As the source re-
ports are scanned documents of varying quality, the
OCR extraction process can result in typos and loss
of structured text. Additionally, the reports are often
long with repeated information or information poten-
tially irrelevant for cancer prognosis (e.g. incidental
findings on histology).

To address these challenges, we experiment with
having an LLM summarize the pathology reports to
help focus relevant information, correct typos, and re-
duce report length. We choose Llama-3.1-8B-Instruct
(Grattafiori et al., 2024) as the summarization model
for its strong instruction following capabilities. We
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use vLLM (Kwon et al., 2023) for inference with set
seed, greedy decoding, temperature 0, and max to-
kens 1,024. Our prompt is presented in Table 10.

As we experiment with model generated summaries
of pathology reports, we test the effect of model hal-
lucinations (Huang et al., 2025) in the generated sum-
maries and their downstream effects on survival mod-
eling. To that end, we manually review model gener-
ated summaries for 40 randomly selected cases con-
tained within a single test split. We randomly select
these cases while preserving the overall prevalence of
observed mortality. After review and manual correc-
tion (as needed) of the sampled summaries, we em-
bed the corrected summaries using BioMistral and
apply the survival model trained over BioMistral em-
beddings of summaries from the corresponding train
split. We evaluate risk stratification over these sam-
pled cases. Further details of our manual correction
method are in Appendix A.

2.3. Foundation Model Embeddings

We use several foundation models in our experiments.
For all FMs, we use the models as-is with no fur-
ther training or fine-tuning. To prevent data leak-
age, we ensure that the FMs we use have not been
trained over TCGA. Specifically, we experiment
with UNI2-h (Chen et al., 2024) for diagnostic slides,
BulkRNABert (Gélard et al., 2025) or UCE (Rosen
et al., 2023) for gene expression data, and BioMistral-
7B (Labrak et al., 2024) or Mistral-7B-Instruct-v0.1
(Jiang et al., 2023) for pathology reports. Further
details on these models is presented in Appendix B.

As survival is defined at the patient-level, we aggre-
gate patient embeddings from multiple samples of the
same modality into a single embedding per patient
per modality. This is most relevant for RNA-seq and
diagnostic slides as a patient may have multiple sam-
ples for these modalities. We use simple averaging of
embeddings to derive our patient-level embeddings.
Model embedding dimensionality shown in Table 12.

2.4. Unimodal and Multimodal Survival
Modeling and Evaluation

Given patient-level, modality-specific embeddings,
we adopt a simple pipeline for unimodal survival
modeling. For a given train-test split, we z-score
standardize all embeddings using per-feature mean
and standard deviation derived from the training
split. We next derive a Principal Component Anal-
ysis (PCA) (Pearson, 1901) dimensionality reduction

Figure 2: Eight thousand patient cases spanning 32
cancer types with survival data, pathology
reports, diagnostic slides, and gene expres-
sion quantification.

over the standardized embeddings from the training
split and apply to all standardized embeddings. We
use dimensionality reduction to prevent overfitting
and improve computational tractability (see Table 13
and Appendix E for results and discussion on using
full embeddings). As PCA is an efficient transfor-
mation that is insensitive to hyperparameter choices
(as in t-SNE or UMAP), we specifically use the im-
plementation of PCA from sklearn (Pedregosa et al.,
2011) with a set seed. We experiment with varying
PCA dimensions, doubling from 4 to 256. For demo-
graphic or cancer type modalities, features are one-
hot encoded so we do not apply standardization or
PCA transformation. We then fit a Cox Proportional
Hazards (CoxPH) (Cox, 1972) model to the PCA re-
duced embeddings (or the one-hot encoded features
for demographic or cancer type modalities) of the
train split. We use the implementation of CoxPH
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Table 1: Foundation model derived embeddings predict cancer survival. Average cross-validated C-index
of CoxPH models trained over unimodal embeddings across varying PCA reductions. Demo: de-
mographics; Canc: cancer type; Expr: BulkRNABert embedded RNA-seq; Hist: UNI2 embedded
histology; Text: BioMistral embedded summarized pathology reports. *Not reduced with PCA.

Modality
PCA Dimension

4 8 16 32 64 128 256 N/A

Demo* - - - - - - - 0.630
Canc* - - - - - - - 0.737
Expr 0.626 0.650 0.702 0.742 0.749 0.753 0.750 -
Hist 0.596 0.631 0.669 0.714 0.733 0.748 0.754 -
Text 0.565 0.610 0.690 0.725 0.745 0.751 0.752 -

models from sksurv (Pölsterl, 2020) with alpha = 0.1
for ridge regression penalty. Using the trained uni-
modal model, we predict risk scores for both the train
and test splits for further modeling and evaluation.

We do late multimodal fusion using the predicted
unimodal risk scores as input to the multimodal
model. Given a set of modalities we aim to fuse,
we concatenate the predicted risk scores from each
modality as input features. We z-score standardize
each feature using the mean and standard deviation
derived over the training split. We fit a CoxPH model
over the concatenated, standardized, unimodal risk
scores. Such a model can be interpreted as modeling
the unimodal risk (further discussed in Section 3.3).
Using the trained multimodal model, we predict risk
scores for the test split for evaluation. We repeat this
multimodal fusion procedure over all combinations
of demographic, cancer type, histology, expression,
and text modalities. Notably, we do not consider
alternate embedding methods as separate modalities;
for example BioMistral embeddings of unsummarized
and summarized reports are both text embeddings.
Instead, we consider multimodal combinations with
these alternate embedding strategies independently.

We evaluate the resulting models using 5-fold cross-
validated concordance index (C-index) (Harrell et al.,
1982), mean cumulative/dynamic area under the re-
ceiver operating characteristic curve (mean AUCC,D,
where larger is better) (Lambert and Chevret, 2016),
integrated Brier score (IBS, where smaller is better)
(Brier, 1950), or risk stratified Kaplan-Meier (Kaplan
and Meier, 1958) survival curves. Precise details on
our evaluation method are provided in Appendix C.

3. Results

3.1. Multimodal data across 32 cancers

We assemble a dataset of 7,982 patient cases for our
study (Figure 2). These cases span 32 of the 33
cancer types in TCGA. We select cases that have
available and valid data for survival analysis, pre-
extracted pathology reports by Kefeli and Tatonelli
(Kefeli and Tatonetti, 2024a), precomputed tumor di-
agnostic slide embeddings by Chen et al. (Chen et al.,
2024), and tumor RNA-seq gene expression data.

For our experiments, we split the dataset into 5
stratified cross-validation folds that are shared across
all experiments. Descriptive features of our dataset
and splits are provided in Tables 15 and 16. While we
stratify by cancer type and observed mortality, we do
not stratify by survival duration. On average, over-
all survival time is comparable across splits, however
per-cancer type subsets contained within each split
may have too few observed mortalities for survival
modeling (Table 16). See Appendix C for details on
the limitations this presents for evaluating model per-
formance within given cancer types.

3.2. Unimodal FM embeddings predict
cancer survival

We fit small, linear CoxPH survival models over uni-
modal data and attain a peak mean cross-validated
C-index of approximately 0.75 over single modalities
(Table 1). For categorical demographic features or
cancer type, we do no dimensionality reduction. As
compared to the mixture of models over both clinical
tabular features (Canc-Demo C-index = 0.747, Ta-
ble 2), CoxPH models fit over demographic features
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Table 2: Mixing survival models of clinical features with FM-based survival models improves survival predic-
tion. For the best combination of each number of modality combinations, average cross-validated
C-index of multimodal CoxPH models trained over predicted risk scores from unimodal CoxPH
models across varying PCA reductions. Demo: demographics; Canc: cancer type; Expr: BulkRN-
ABert embedded RNA-seq; Hist: UNI2 embedded histology; Text: BioMistral embedded summa-
rized pathology reports. *Not reduced with PCA.

Modality
PCA Dimension

4 8 16 32 64 128 256 N/A

Canc*-Demo* - - - - - - - 0.747
Hist-Text 0.606 0.662 0.705 0.746 0.767 0.777 0.780 -
Expr-Hist-Text 0.644 0.682 0.727 0.765 0.780 0.786 0.788 -
Demo*-Expr-Hist-Text 0.680 0.717 0.748 0.776 0.788 0.794 0.795 -
Canc*-Demo*-Expr-Hist-Text 0.749 0.752 0.760 0.777 0.788 0.793 0.793 -

or cancer type alone achieve slightly lower C-index
(0.630 and 0.737, respectively).

For FM-derived embeddings (expression, histol-
ogy, and text), we tested varying PCA sizes for di-
mensionality reduction. We observe a general trend
of increasing C-index with increasing PCA dimen-
sions, which plateaus around PCA to 256 dimen-
sions. These findings are recapitulated using addi-
tional metrics of mean AUCC,D and IBS (Tables 5
and 4, respectively). Based on this observation, we
report further results using PCA transformation of
these embeddings to 256 dimensions.

With the same unimodal survival models, we eval-
uate their survival prediction performance across in-
dividual cancer types (Tables 3 and 17). We do not
evaluate per-cancer survival based on cancer type as
the input features would not differ within a cancer
subset. We not only find that survival modeling
performance of unimodal models varies across can-
cer types, we also observe that no single modality
generally outperforms the other modalities. For ex-
ample, among unimodal models, demographic-based
modeling was most predictive of thyroid carcionma
(THCA) survival (C-index = 0.885), while the same
was true for text report-based modeling of endome-
trial carcinoma (UCEC) survival (C-index = 0.723).

3.3. Multimodal fusion improves cancer
modeling and survival prediction

While unimodal models were able to achieve a peak
C-index of approximately 0.75, we find that all multi-
modal fusion models are able to surpass unimodal re-

sults at their corresponding PCA reductions (Tables 2
and 6). We again observe a plateau of survival model
performance at PCA = 256 and thus report results
using this dimensionality reduction for embeddings.
Importantly, each modality is independently modeled
at a given PCA dimensionality before the predicted
unimodal risk scores are subsequently used as input
features to the multimodal fusion model (Section 2.4).

Using this simple, late multimodal fusion tech-
nique, we find that fusion of expression with histol-
ogy data, expression with report data, and histology
with report data result in mean cross-validated C-
index = 0.774, 0.778, and 0.780, respectively (Table
6). Fusion of all three of expression, histology, and
reports results in the best embedding-based perfor-
mance of C-index = 0.788. Survival modeling with
these embedding-based modalities are not only addi-
tive, but also can be further enhanced with clinical
features, such as demographics, achieving our great-
est C-index = 0.795 (Table 2). The additive effect of
multimodal fusion is further observed in both mean
AUCC,D and IBS (Tables 5 and 4, respectively). Im-
portantly, these modalities are encoding information
beyond simply cancer type, as any combination of
modalities with cancer type improves upon the re-
sults of using cancer type alone (Table 7).

Additionally, as before, the ability to model
survival within each cancer type further substan-
tiates this claim, as the unimodal model based
on cancer type cannot predict survival within a
single cancer type. When examining multimodal
model performance subset by cancer type in Tables
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Table 3: Multimodal fusion improves survival prediction within the 8 most prevalent cancer types in the
TCGA. Average cross-validated C-index of models using PCA to 256 dimensions for all foundation
model derived embeddings. Multimodal model used fusion of all unimodal modalities.

Modality
Cancer Type (TCGA Project)

BRCA KIRC UCEC THCA LGG HNSC LUSC LUAD

Demographics 0.637 0.600 0.593 0.885 0.727 0.525 0.542 0.530
RNA-seq 0.573 0.673 0.643 0.619 0.790 0.560 0.579 0.620
Histology 0.648 0.685 0.703 0.749 0.753 0.636 0.598 0.617
Text 0.641 0.698 0.723 0.619 0.716 0.582 0.556 0.645

Multimodal 0.720 0.752 0.758 0.787 0.840 0.650 0.626 0.687

3 and 17, we find that multimodal fusion consis-
tently performs better than any other modality
within a given cancer type for the most preva-
lent cancer types (see Appendix C for additional
details on evaluations within cancer types). This
is in contrast to the unimodal models where the
best unimodal model differs depending on the cancer.

Interpretability. Under our framework for multi-
modal fusion, a natural interpretation of the mul-
timodal model arises. As the input to the multi-
modal CoxPH model are z-score normalized unimodal
risk scores, the hazard ratios of the trained multi-
modal model can be interpreted relative to the stan-
dard deviations of the unimodal predicted risks. In
other words, the hazard ratio for a given modality is
the relative risk of death for a one standard devia-
tion increase in that modality’s unimodal predicted
risk. Table 8 presents the hazard ratios of the 5-
modality model (using unimodal models over PCA
= 256 for high-dimensional embeddings). We find
that the high-dimensional inputs confer greater rel-
ative risk, recapitulating our observations that these
modalities are informative beyond tabular features.

3.4. Pathology report summarization focuses
cancer information

One of our key findings is that LLM summarization of
pathology reports drastically improves survival pre-
diction. Specifically, we zero-shot prompt Llama-3.1-
8B-Instruct to summarize pathology reports with a
focus on microscopic descriptions, test results, diag-
noses, and clinical history. See Section 2.2 for more
details on our summarization method.

Using Llama generated summaries, we embed the
summarized reports using BioMistral. As compared
with BioMistral embeddings of the original, unsum-
marized reports, we find that the summarized reports
are able to better predict survival (C-index = 0.752
for summarized vs C-index = 0.694 for unsumma-
rized). Using the predicted risk scores, we stratify
the study cohort into low and high risk groups and
observe that summarized reports result in enhanced
risk stratification (Figure 3).

Not only does summarization reduce the token
length of the original report, it also corrects typo-
graphical errors that may result from text extraction
from the source scanned PDFs of these reports. In
addition, prompting the summarization to focus on
certain aspects of the report may better extract in-
formation most relevant to survival prediction. With
these effects in combination, we observe that embed-
dings of summarization outperforms embeddings of
the original report across the 8 most prevalent can-
cer types (Table 9).

3.5. Hallucination correction does not impact
cancer risk stratification

While we empirically find that summarization im-
proves survival prediction, hallucinations are an im-
portant consideration when using LLM generated
text. To test whether factually incorrect information
in the generated summaries impact downstream sur-
vival modeling, we manually correct generated sum-
maries for these hallucinations.

To that end, we develop and share a lightweight
tool to facilitate comparison of original and sum-
marized reports. A screenshot of the tool is pre-
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sented in Figure 7. Using this utility, we review 40
randomly sampled reports contained within a single
cross-validation fold. We ultimately apply minor cor-
rections to 24 of 40 reports. See Appendix A for
additional details, such as methodology and catego-
rization of manual corrections.

After manual correction, we re-embed the corrected
summaries and do survival prediction using the same
CoxPH model trained on uncorrected summarized
embeddings. For the subset of corrected reports,
we compare against the corresponding uncorrected
summaries (Figure 4). We empirically find that risk
stratification of the sampled subset does not change
based on correction of hallucinations. This may be
because the corrections on average are qualitatively
minor compared to the majority of the summary (Ta-
ble 11). We hypothesize that the salient information
for predicting cancer survival, such as cancer sever-
ity, extent of invasion or metastasis, remained un-
changed, though further work is needed.

3.6. Impact of domain specificity on cancer
modeling and survival prediction

Our final set of experiments were ablations to test
the impact of foundation model domain specificity for
downstream embedding-based modeling. For space,
extended results are presented in Appendix D. In
brief, domain adaptation is particularly important
for data modality specificity (BulkRNABert is no-
tably better than UCE for RNA-seq data, Figure 5),
however specificity to biomedical text (BioMistral vs
Mistral) matters less than summarization (Figure 6).

4. Discussion

Our study demonstrates the ease with which multi-
modal cancer modeling is accomplished in the age of
foundation models. We show that zero-shot embed-
dings of unseen data can serve as the basis for predic-
tion of cancer prognosis. We emphasize that our final
survival models are combinations of classical CoxPH
models with FM derived embeddings and five tabular,
clinical features. The synergy between feature-rich
embeddings and simple linear models enables pre-
diction of complex biological tasks (Ahlmann-Eltze
et al., 2024). This powerful paradigm in modern deep
learning is additionally beneficial in medical settings
where data privacy is a chief concern and model tun-
ing can lead to memorization of small datasets of pro-
tected patient data (Moor et al., 2023; Kaissis et al.,
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Figure 3: Summarization of pathology reports im-
proves survival model risk stratification
over unimodal text embeddings. Embed-
dings derived with BioMistral. Reports
summarized with Llama-3.1-8B-Instruct.
Averaged risk stratification from 5-fold
cross-validation.

2020; Khalid et al., 2023; Torkzadehmahani et al.,
2022). In our results, we rely on FMs trained over
deidentified and often public data; we do not train
any deep learning models. It is important to note
that this low-resource approach applies to settings
that do not have the compute infrastructure for su-
pervised training of bespoke deep learning models.

Importantly, we compare survival models over
more complex modalities against survival models over
basic clinical tabular features spanning four demo-
graphic features (age, sex, race, ethnicity) and cancer
type. We observe that unimodal survival predictions
over FM embeddings of expression, histology, or test
data are no better than the combination of demo-
graphics and cancer type. This is a critical baseline
to contextualize the relative benefit of more complex
methods over standard, classical models. Indeed, sur-
vival rates vary by cancer type as a complex inter-
action of biological and socioeconomic factors (Siegel
et al., 2025) and thus, such tabular features may sim-
ply be correlative. Additionally, survival prediction
within a given cancer type cannot be predicted by
the cancer type itself. For these reasons, unimodal
models over FM embeddings may still have utility.
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To that end, the results from our simple framework
for multimodal survival modeling additionally show
that extracted information from single modalities is
additive and that multimodal fusion is able to achieve
impressive prediction accuracy. This additive effect
may be explained by the varying unimodal results
for per-cancer survival modeling, as we find that no
single unimodal model excels across all cancer type
subsets in TCGA. Conversely, our multimodal model
excels across a majority of highly prevalent cancer
types. Further, in sequential addition of modalities,
we find that FM embeddings for these modalities are
non-redundant (contrary to Liu et al. (2025)) and
encode information beyond simply cancer type.

Compared to other works investigating multimodal
models, we propose a simple yet effective late fusion
strategy. We ensemble the predicted outputs of uni-
modal models as input to the final multimodal model.
This further modularizes the modeling of individual
modalities (in addition to FM embeddings) and al-
lows the multimodal model to be agnostic to uni-
modal embeddings. This abstraction simplifies chal-
lenges of other fusion approaches. For example, en-
suring smaller dimensionality features (such as demo-
graphics) are modeled comparably to higher dimen-
sional features (such as expression embeddings) is ac-
complished implicitly in our framework. This mod-
ularity greatly facilitated our experimentation with
varying FM embeddings per modality.

To the best of our knowledge, MUSK by Xiang
et al. (2025) is the only other work to have ex-
plored multimodal survival modeling with pathology
reports. While they also utilize LLM summariza-
tion to condense their pathology reports, our work
differs in key ways. First, unlike the MUSK au-
thors, we do no training of our foundation models
and evaluate zero-shot extracted embeddings. Yet
their reported multimodal C-index of 0.747 is only
comparable to our unimodal results, including naive
cancer-type based prediction. Our multimodal fusion
of histology and text resulted in C-index = 0.780. We
additionally incorporate gene expression and clinical
data, alongside histology and text modalities, achiev-
ing C-index = 0.795 and further surpassing their dual
modality results. Experimentally, due to their lan-
guage model length limitation, they cannot compare
to unsummarized reports as we have. Lastly, their
text summarization differs per cancer type, requir-
ing specific, hand-written prompts by an oncologist;
while this may focus the most relevant information for
a given cancer type, we create a generalizable sum-

marization strategy, applicable to any cancer type,
that results in strong downstream predictions.

We further extend our report summarization
results to assess the impact that LLM hallucination
has on downstream embedding and modeling. While
we needed to manually correct 24 of 40 randomly
selected summaries, many of these corrections quali-
tatively involved small details relative to the rest of
the summary, e.g. correcting the number of lymph
nodes negative for metastases. We found manual
correction of LLM summarization hallucinations did
not change the risk stratification of the sampled
subpopulation, compared to uncorrected summaries.
While this was true in our study, we emphasize the
importance of this kind of experiment, especially as
researchers increasingly rely on LLM generated text.

Limitations. While we aim to do extensive exper-
iments to validate our findings, we note key limita-
tions. First, the small sample size of our hallucination
correction experiment potentially limits its generaliz-
ability. Indeed, we call on other researchers to do such
evaluation under their specific experimental settings
for similar work relying on LLM text-generation as an
intermediate step. Additionally, we leave variations
on dimensionality reduction method and histology
embedding models as future work. Lastly, while our
work establishes a comprehensive baseline for cancer
modeling of TCGA data, our results are currently
limited to a single dataset. The primary factor for
this limitation is finding data with all studied data
modalities, particularly with pathology reports; it is
ongoing work to do this external validation.

5. Conclusion

Overall, our study presents a modular framework
for multimodal cancer modeling leveraging FM de-
rived embeddings with classical models. We present
a quantification of this approach applied to cancer
survival prediction over the premier cancer data re-
source, The Cancer Genome Atlas. We show that
multiple data modalities are additive using a simple
late fusion technique, leaving the door open for ex-
pansion to additional modalities. We present novel
results on pathology report-based survival prediction
and the effects of LLM hallucinations in summariz-
ing those reports. Altogether, these findings repre-
sent an important opportunity for the development,
application, and evaluation of FMs towards cancer
multi-omics and broader biomedicine.
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Appendix A. Manual Correction of
Summaries

In our manual correction of generated summaries, we
only change factually incorrect information based on
information from the original report. We do not add
extra information that was not already present in the
summary. When the incorrect information cannot be
corrected based on the original report, we delete the
erroneous text. A salient example of this was when
patient age was redacted in the original report. The
resulting extracted text thus contained a fragment
such as “-year-old patient”, which the summarizing
LLM interpreted to mean a 1-year-old patient. Man-
ual verification of the case metadata revealed the pa-
tient to be in their 40s, however, because this data
was impossible to derive from the original report, we
remove the mention of the patient age in the corrected
summary. All manual corrections for our experiment
were done by a medical student who had completed
two years of preclinical medical education. The sam-
pled and corrected summaries are availabile in our
GitHub repository.

For manual correction of summaries, we develop
and share a lightweight, interactive tool for compar-
ing unsummarized and summarized reports. The tool
allows users to select sections of text in one text
box which are automatically highlighted in the other
text box. This enables users to quickly and interac-
tively find corresponding information in large spans
of text, thus facilitating verification of summaries us-
ing the source report. The tool is implemented in
pure HTML and JavaScript and runs locally in a web
browser, requiring no internet connection to use. We
share the tool and a demo video of its use in our
GitHub repository.

To better understand the kinds of corrections ap-
plied, we qualitatively categorize the 36 correction
instances from 24 of 40 total reports in our experi-
ment. We present the correction category counts in
Table 11 and provide brief descriptions of these cate-
gories here. Descriptor or information mixup is when
the summary incorrectly associates information de-
scribed in multiple, potentially related parts of the
report (e.g. swapping tumor vs benign tissue loca-
tion). Lymph node information in particular was of-
ten incorrect, potentially due to the long spans of text
that typically describes sentinel lymph node biopsies.
A more benign type of error was copy-forward errors
from the OCR text extraction process, e.g. NO vs
N0 staging. Perhaps the most egregious hallucina-

tion was the inclusion of information not otherwise
in the report, for example inferring the indication for
the biopsy despite not being included in the original
report. Gross description inclusion was considered an
error given that we specifically prompted models to
exclude gross description; the inclusion of the gross
description thus represents conflation of gross and mi-
croscopic descriptors by the LLM. Relatedly, there
were specific medical phrases used that the model
would incorrectly interpret, such as “not otherwise
specified”. A specific subtype of this that we identi-
fied was with misinterpretation of tumor staging (e.g.
a placeholder value “X” to indicate missing or unre-
ported was misinterpreted as the tumor grade; we
verified there is no such grade for the given cancer
type). Inclusion of patient age was also observed,
despite all age being deidentified in the source re-
ports. One summary was grammatically ambiguous.
Finally, one correction should not have been included
and was an error on the part of the manual corrector;
the specific report with the error contained a different
OCR error so overall the number of corrected reports
remains 24.

Appendix B. Foundation Model
Details

For diagnostic slides, we use UNI2-h (Chen et al.,
2024) precomputed embeddings. Notably, as UNI2
is a tile/patch-level encoder, we aggregate tile em-
beddings to a slide-level embedding using simple av-
eraging. For pathology reports or their summaries,
we embed text using BioMistral-7B (Labrak et al.,
2024) or its source model, Mistral-7B-Instruct-v0.1
(Jiang et al., 2023). We perform embedding infer-
ence for these LLMs using vLLM (Kwon et al., 2023).
For gene expression data, we experiment with both
BulkRNABert (Gélard et al., 2025) and Universal
Cell Embedding (UCE) (Rosen et al., 2023). For
BulkRNABert, to prevent data leakage, we specifi-
cally use the model checkpoint trained over GTEx
(Lonsdale et al., 2013) and ENCODE (Consortium
et al., 2012) data. For UCE, we use the 33-layer
model variant trained over data from CELLxGENE
(Program et al., 2025). We make minor modifications
to the code repositories for both of these models to
enable installation as pip packages and inline data
processing. Our modifications are contained in forks
of these repositories linked from our main repo.

For the pathology report text modality, we choose
BioMistral for its long context length and general
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biomedical domain adaptation, as opposed to other
long-context LLMs adapted to more specific clinical
domains (Yang et al., 2024) unrelated to pathology
reports. More specific pathology language models
such as CONCH (Lu et al., 2024) or MUSK (Xiang
et al., 2025) have been reported, however they are
limited by extremely short contexts of 128 and 100
tokens, respectively. In our data, using the Mistral
tokenizer (shared by BioMistral), the longest report
is 8,184 tokens and the longest summarized report is
1,389 tokens. Despite BioMistral’s domain adapta-
tion with a context length of 2,048, the base Mistral
model’s context length of 8,196 and its sliding win-
dow attention (Beltagy et al., 2020) enable a theo-
retical maximum context length that fits all of our
pathology reports without truncation. Future work
is needed to explore LLMs adapted to the pathology
domain at the full context length.

Appendix C. Evaluation of Survival
Models

Our primary evaluation metric for our survival mod-
els is the concordance index (C-index) (Harrell et al.,
1982). For each model, we report the average C-index
derived over the test split from 5 cross-validation
folds. For model performance by cancer type, we
compute the C-index over only cases belonging to
each cancer type; as our cross-validation folds are
stratified by cancer type and mortality, the number
of cases and observed deaths for a given cancer type
across folds is approximately equivalent.

While we aim to understand our models’ perfor-
mance within each cancer type, a consideration with
such evaluation is the limited number of potential
samples within a given cancer type (see Table 16),
particularly when considering cross-validated results.
This is an intrinsic limitation of TCGA and pub-
lic cancer datasets in general, as some cancers are
naturally less represented than others; for example,
in the case of cholangiocarcinoma (CHOL), prior to
data filtering, there are only 51 cases in TCGA. We
thus present results in Table 3 over the 8 most preva-
lent cancer types and in Table 17 over as many can-
cer types as possible under our experimental setup.
Specifically, for certain cancer types with very few
observed deaths, as we rely on 5-fold cross-validation
for results and due to the multifaceted stratification
of our data splits, the observed mortality in specific
splits may be extremely limited or is otherwise imper-
fectly stratified. When there are no observed deaths

in a split (for the given cancer type) or when the
observed death is after all other samples are right-
censored, it is not possible to derive comparable pairs
for computing concordance index. We thus can only
present cross-validated results within 27 of the 32 to-
tal modeled cancer types. Additionally, while we can
compute cross-validated, per-cancer performance for
these 27 cancer types, it is important to consider the
number of observed events used to compute these re-
sults. We thus report the average number of observed
deaths and number of samples across test splits in our
cross-validation.

To visualize the prognostic capability of our mod-
els, we plot averaged risk stratification curves. For
a given test split, we binarize the predicted risk
about the median into high and low risk groups. For
both the low and high risk groups, we compute their
Kaplan-Meier curves (Kaplan and Meier, 1958). We
repeat this procedure for each cross-validation fold.
To compute the average survival curve, we first im-
pute the curves to a shared set of time points before
averaging across folds. When visually appropriate,
we include shaded regions about the average curves
denoting one standard deviation at each time point.

To further validate our findings, we compute
two additional evaluation metrics: mean cumu-
lative/dynamic area under the receiver operating
characteristic curve (mean AUCC,D) (Lambert and
Chevret, 2016) and integrated Brier score (IBS)
(Brier, 1950). We specifically compute these met-
rics over the interval of 1 to 5 years. These bound-
aries correspond approximately to the 20th and 80th
percentiles, respectively, of observation time points
within our data.

The only exception to our cross-validated evalua-
tion is in our experiment to manually correct halluci-
nations in model generated summaries. As cases for
this experiment are contained within a single cross-
validation fold, we do not report aggregate evalua-
tions for this experiment.

Appendix D. Domain specificity
improves cancer
modeling

For bulk RNA-seq gene expression modality, we com-
pare our default (BulkRNABert) against Universal
Cell Embedding (UCE) (Rosen et al., 2023), a foun-
dation model trained over singe cell RNA-seq data.
We hypothesized that a single-cell RNA-seq (scRNA-
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seq) FM may generalize to the mixed cellular iden-
tities of bulk RNA-seq data. While many scRNA-
seq FMs exist (Sza lata et al., 2024), we chose UCE
specifically based on its reported strong performance
at extracting multiscale embeddings of cellular biol-
ogy (Rosen et al., 2023). We find that while UCE
derived embeddings do contain some prognostic sig-
nal (C-index = 0.637, PCA = 256) which stratifies
risk (Figure 5), this is significantly lower compared to
BulkRNABert derived embeddings (C-index = 0.753,
PCA = 256) and even naive cancer type-based sur-
vival (C-index = 0.737, Table 1).

Furthermore, given the strong effects of summa-
rization observed in Figure 3, we test the impact of
domain specificity for the text embedding. To iso-
late the effect of domain adaptation, we compare
BioMistral derived embeddings against Mistral-7B-
Instruct-v0.1 (Mistral) (Jiang et al., 2023) derived
embeddings. We compare BioMistral and Mistral em-
beddings for both original, unsummarized pathology
reports and summarized reports (Figure 6).

We find that for unsummarized reports, embed-
ding FM domain adaptation has a small but appre-
ciable effect on 5-fold cross-validated risk stratifica-
tion, however it does not change survival prediction
performance (Mistral C-index = 0.691 vs BioMistral
C-index = 0.691, both PCA = 256). For summa-
rized reports, both risk stratification and risk pre-
diction are equivalent (Mistral C-index = 0.751 vs
BioMistral C-index = 0.752). Rather, we recapitu-
late our pervious finding that summarization itself
has a greater effect for survival modeling. Given
their near equivalence and minor improvement in un-
summarized report-based risk stratification, we use
BioMistral as our default text embedding model.

Appendix E. Using full embeddings is
intractable or leads to
overfitting

To test the necessity of dimensionality reduction in
our framework, we compare our results to using the
full FM-derived embeddings in each unimodal model.
The modularity of our framework enables this exper-
iment, however we note that using these full embed-
dings dramatically increases the computational com-
plexity of the unimodal CoxPH models. When using
the text embeddings of size 4096 (see all model em-
bedding sizes in Table 12), a single CoxPH model
with a maximum of 100 iterations (the default in the

scikit-survival package) takes an impractical amount
of time to train; we stopped the run after 2 hours.
The histology embeddings of size 1536 required ap-
proximately 11 minutes per model on our hardware.
For reference, when using PCA transformation, we
can iterate through 7 different PCA dimensionality
reduction experiments in 17 minutes on our com-
pute infrastructure, representing 1,085 models in to-
tal (each reduction experiment runs 5-fold cross vali-
dation where each split has 31 models for all modal-
ity combinations i.e. the power set of 5 modalities).
Given the full text embedding matrix of approxi-
mately 6k train-split samples by 4k covariates, fitting
a Cox model over such an input becomes intractable,
as the time complexity of training a Cox model is gen-
erally O(ndp2), where n is the number of samples, d
is the number of events, and p is the number of covari-
ates (Therneau et al., 2017). Due to these computa-
tional constraints, we are limited to only presenting
the comparison to raw embeddings for histology and
expression modalities.

Table 13 presents these results comparing the cross
validated results for PCA=256 transformed version of
embeddings vs the full expression or histology embed-
dings. We note that the full expression embeddings
are size 256 and are thus its results are equivalent to
those of the PCA=256 transformed expression em-
beddings. However, we observe substantial degrada-
tion of the unimodal histology model when using the
full embedding input. We hypothesize that this is due
to overfitting of the histology model to the training
data given the high-dimensional histology embedding
size of 1536. To verify this, we compare the cross-
validated performance on the train vs test splits for
both the full expression and full histology embedding
models. Indeed, we find greater overfitting of the
histology model to the training data when using no
dimensionality reduction (Table 14), providing em-
pirical evidence for the inclusion of dimensionality
reduction in our framework.
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Appendix F. Extended Tables and Figures

Table 4: Average cross-validated integrated Brier score of CoxPH models across varying PCA reductions.
Demo: demographics; Canc: cancer type; Expr: BulkRNABert embedded RNA-seq; Hist: UNI2
embedded histology; Text: BioMistral embedded summarized pathology reports; Multimodal: mul-
timodal fusion of all modalities. *Not reduced with PCA.

Modality
PCA Dimension

4 8 16 32 64 128 256 N/A

Demo* - - - - - - - 0.179
Canc* - - - - - - - 0.155
Expr 0.182 0.177 0.167 0.156 0.154 0.153 0.154 -
Hist 0.182 0.178 0.173 0.165 0.160 0.155 0.153 -
Text 0.185 0.181 0.166 0.159 0.155 0.152 0.153 -

Multimodal 0.152 0.151 0.150 0.145 0.142 0.140 0.140 -

Table 5: Average cross-validated cumulative/dynamic area under the ROC curve of CoxPH models across
varying PCA reductions. Demo: demographics; Canc: cancer type; Expr: BulkRNABert embedded
RNA-seq; Hist: UNI2 embedded histology; Text: BioMistral embedded summarized pathology
reports; Multimodal: multimodal fusion of all modalities. *Not reduced with PCA.

Modality
PCA Dimension

4 8 16 32 64 128 256 N/A

Demo* - - - - - - - 0.650
Canc* - - - - - - - 0.764
Expr 0.642 0.674 0.728 0.771 0.779 0.783 0.778 -
Hist 0.620 0.647 0.690 0.737 0.760 0.779 0.785 -
Text 0.587 0.634 0.721 0.754 0.773 0.779 0.779 -

Multimodal 0.779 0.783 0.790 0.809 0.820 0.826 0.825 -
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Table 6: Late, multimodal fusion of unimodal, FM-based survival models improves survival prediction. For
modality combinations with only FM-derived embeddings, average cross-validated C-index of mul-
timodal CoxPH models trained over predicted risk scores from unimodal CoxPH models across
varying PCA reductions. Expr: BulkRNABert embedded RNA-seq; Hist: UNI2 embedded histol-
ogy; Text: BioMistral embedded summarized pathology reports.

Modality
PCA Dimension

4 8 16 32 64 128 256

Expr-Hist 0.638 0.665 0.714 0.753 0.765 0.771 0.774
Expr-Text 0.636 0.671 0.724 0.762 0.774 0.779 0.778
Hist-Text 0.606 0.662 0.705 0.746 0.767 0.777 0.780
Expr-Hist-Text 0.644 0.682 0.727 0.765 0.780 0.786 0.788

Table 7: Data modalities encode information beyond cancer type. Addition of other data modalities with
cancer type consistently outperforms using cancer type alone. Canc: cancer type; Demo: demo-
graphics; Expr: BulkRNABert embedded RNA-seq; Hist: UNI2 embedded histology; Text: BioMis-
tral embedded summarized pathology reports. Average cross-validated results reported using PCA
to 256 dimensions for all foundation model derived embeddings.

Combination C-index

Canc 0.737
Canc-Demo 0.747
Canc-Expr 0.758
Canc-Hist 0.765
Canc-Text 0.761
Canc-Demo-Expr 0.767
Canc-Demo-Hist 0.773
Canc-Demo-Text 0.771
Canc-Expr-Hist 0.774
Canc-Expr-Text 0.776
Canc-Hist-Text 0.779
Canc-Demo-Expr-Hist 0.782
Canc-Demo-Expr-Text 0.784
Canc-Demo-Hist-Text 0.787
Canc-Expr-Hist-Text 0.786
Canc-Demo-Expr-Hist-Text 0.793
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Table 8: Hazard ratios of full multimodal fusion model. All modalities confer greater relative risk compared
to cancer type. Canc: cancer type; Demo: demographics; Expr: BulkRNABert embedded RNA-
seq; Hist: UNI2 embedded histology; Text: BioMistral embedded summarized pathology reports.
Results reported using PCA to 256 dimensions for all foundation model derived embeddings.

Split 0 1 2 3 4 Mean

Demo 1.301 1.329 1.340 1.290 1.356 1.323
Canc 0.646 0.640 0.637 0.661 0.625 0.642
Expr 1.899 1.960 1.998 1.959 1.991 1.961
Hist 2.067 2.049 2.052 2.030 2.072 2.054
Text 2.183 2.209 2.193 2.203 2.176 2.193

Table 9: Summarization of pathology reports improves pan-cancer survival prediction. Average cross-
validated C-index of models evaluated on subsets of the top 8 most prevalent cancer types in
TCGA. All text embedded using BioMistral. Summarized text generated using Llama-3.1-8B-
Instruct. Multimodal model incorporates unimodal summarized text model. Results reported
using PCA to 256 dimensions for all foundation model derived embeddings.

Modality
Cancer Type (TCGA Project)

BRCA KIRC UCEC THCA LGG HNSC LUSC LUAD

Original 0.612 0.645 0.575 0.593 0.630 0.574 0.540 0.593
Summarized 0.641 0.698 0.723 0.619 0.716 0.582 0.556 0.645

Multimodal 0.720 0.752 0.758 0.787 0.840 0.650 0.626 0.687

Table 10: Pathology report summarization prompt.

Line Role Message

1 System You are a helpful assistant for digital pathology.

2 System

Instructions:
Extract and repeat the results of the following pathology report
in a single paragraph.
Focus on test results, diagnoses and clinical history.
Include results of the microscopic description.
Omit the gross or macroscopic description.
Do not acknowledge this prompt.
Do not give additional comments after your final answer.

3 User (Pathology Report)
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Table 11: Categorization of manual corrections for hallucination experiment. Out of 40 sampled reports, 24
reports required manual corrections, totaling 36 specific instances of corrections. These corrections
are generally qualitatively minor, though specific error types are more severe than others.

Correction Type N

descriptor/information mixup 6
incorrect lymph node information 5
copy-forward OCR error 5
made up information not otherwise in report 4
inclusion of gross description 4
misunderstood medical phrase 4
incorrect tumor staging 3
inclusion of patient age 3
grammar clarification 1
manual correction error 1
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Figure 4: Manual correction of summarized pathology report hallucinations does not impact survival model
risk stratification. Embeddings derived with BioMistral. Reports summarized with Llama-3.1-8B-
Instruct. Risk stratification from N=40 randomly sampled cases contained within a single test
split while preserving observed mortality prevalence.
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BulkRNABert, C-index = 0.75
±1 std. dev. = 0.01
UCE, C-index = 0.64
±1 std. dev. = 0.01

Figure 5: Modality specificity of gene expression embedding model improves survival model risk stratifi-
cation over unimodal gene expression embeddings. Bulk RNA-seq data embedded with either
BulkRNABert or UCE, a single-cell RNA-seq model. Averaged risk stratification from 5-fold
cross-validation.
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BioMistral (Original), C-index = 0.69±0.01
BioMistral (Summarized), C-index = 0.75±0.01
Mistral (Original), C-index = 0.69±0.01
Mistral (Summarized), C-index = 0.75±0.01

Figure 6: Domain adaptation of text embedding model improves survival model risk stratification over uni-
modal text embeddings. Embeddings derived with either BioMistral or Mistral-7B-Instruct-v0.1.
Reports summarized with Llama-3.1-8B-Instruct. Averaged risk stratification from 5-fold cross-
validation.

21



Multimodal Cancer Modeling in the Age of Foundation Model Embeddings

Table 12: Foundation model embedding dimensionality before PCA reduction. Demo: demographics; Canc:
cancer type; Expr: RNA-Seq gene expression; Hist: histology, Text: pathology reports.

Modality Model Embedding Size Is Subsequently PCA Reduced?

Demo N/A 17 ✗
Canc N/A 32 ✗
Hist UNI2 1536 ✓
Text BioMistral 4096 ✓
Text Mistral 4096 ✓
Expr BulkRNABert 256 ✓
Expr UCE 1280 ✓

Table 13: Average cross-validated C-index of CoxPH models comparing PCA=256 with no dimensionality
reduction. Demo: demographics; Canc: cancer type; Expr: BulkRNABert embedded RNA-
seq; Hist: UNI2 embedded histology; Text: BioMistral embedded summarized pathology reports;
Multimodal: multimodal fusion of all modalities. *Text embedding still PCA reduced to 256d.

PCA=256 No PCA

Demo - 0.630
Canc - 0.737
Expr 0.750 0.750
Hist 0.754 0.700
Text 0.752 -
Multimodal 0.793 0.729*

Table 14: Average cross-validated C-index of CoxPH models comparing train vs test set overfit-
ting/generalization when using full expression or histology embeddings. Expr: BulkRNABert
embedded RNA-seq; Hist: UNI2 embedded histology. *Not reduced with PCA.

Train Test

Expr* 0.785 0.750
Hist* 0.875 0.700
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Table 16: Eight thousand patient cases span 32 cancer types from TCGA. Cancer types stratified across
5-fold cross-validation splits.

Cross-Validation Fold
Overall 0 1 2 3 4

n 7982 1597 1597 1596 1596 1596

C
an

ce
r

T
y
p

e,
n

(%
)

ACC 53 (0.7) 11 (0.7) 9 (0.6) 11 (0.7) 11 (0.7) 11 (0.7)
BLCA 343 (4.3) 67 (4.2) 69 (4.3) 71 (4.4) 67 (4.2) 69 (4.3)
BRCA 982 (12.3) 197 (12.3) 194 (12.1) 197 (12.3) 198 (12.4) 196 (12.3)
CESC 248 (3.1) 49 (3.1) 47 (2.9) 50 (3.1) 50 (3.1) 52 (3.3)
CHOL 33 (0.4) 8 (0.5) 6 (0.4) 5 (0.3) 6 (0.4) 8 (0.5)
COAD 391 (4.9) 78 (4.9) 77 (4.8) 77 (4.8) 81 (5.1) 78 (4.9)
DLBC 43 (0.5) 9 (0.6) 9 (0.6) 8 (0.5) 9 (0.6) 8 (0.5)
ESCA 116 (1.5) 23 (1.4) 26 (1.6) 23 (1.4) 23 (1.4) 21 (1.3)
GBM 142 (1.8) 29 (1.8) 29 (1.8) 28 (1.8) 28 (1.8) 28 (1.8)
HNSC 433 (5.4) 89 (5.6) 88 (5.5) 87 (5.5) 83 (5.2) 86 (5.4)
KICH 65 (0.8) 13 (0.8) 13 (0.8) 13 (0.8) 13 (0.8) 13 (0.8)
KIRC 497 (6.2) 97 (6.1) 100 (6.3) 102 (6.4) 99 (6.2) 99 (6.2)
KIRP 237 (3.0) 48 (3.0) 48 (3.0) 46 (2.9) 48 (3.0) 47 (2.9)
LGG 442 (5.5) 88 (5.5) 90 (5.6) 89 (5.6) 86 (5.4) 89 (5.6)
LIHC 319 (4.0) 62 (3.9) 63 (3.9) 63 (3.9) 67 (4.2) 64 (4.0)
LUAD 411 (5.1) 84 (5.3) 83 (5.2) 82 (5.1) 80 (5.0) 82 (5.1)
LUSC 418 (5.2) 82 (5.1) 82 (5.1) 85 (5.3) 85 (5.3) 84 (5.3)
MESO 66 (0.8) 15 (0.9) 13 (0.8) 12 (0.8) 12 (0.8) 14 (0.9)
OV 42 (0.5) 7 (0.4) 10 (0.6) 9 (0.6) 7 (0.4) 9 (0.6)
PAAD 168 (2.1) 34 (2.1) 32 (2.0) 34 (2.1) 34 (2.1) 34 (2.1)
PCPG 171 (2.1) 34 (2.1) 37 (2.3) 34 (2.1) 34 (2.1) 32 (2.0)
PRAD 326 (4.1) 67 (4.2) 66 (4.1) 66 (4.1) 63 (3.9) 64 (4.0)
READ 144 (1.8) 29 (1.8) 28 (1.8) 29 (1.8) 30 (1.9) 28 (1.8)
SARC 240 (3.0) 49 (3.1) 50 (3.1) 47 (2.9) 47 (2.9) 47 (2.9)
SKCM 94 (1.2) 19 (1.2) 19 (1.2) 17 (1.1) 19 (1.2) 20 (1.3)
STAD 269 (3.4) 52 (3.3) 54 (3.4) 55 (3.4) 54 (3.4) 54 (3.4)
TGCT 87 (1.1) 19 (1.2) 16 (1.0) 15 (0.9) 18 (1.1) 19 (1.2)
THCA 483 (6.1) 96 (6.0) 96 (6.0) 97 (6.1) 98 (6.1) 96 (6.0)
THYM 109 (1.4) 20 (1.3) 21 (1.3) 23 (1.4) 24 (1.5) 21 (1.3)
UCEC 494 (6.2) 99 (6.2) 100 (6.3) 97 (6.1) 99 (6.2) 99 (6.2)
UCS 52 (0.7) 11 (0.7) 10 (0.6) 10 (0.6) 10 (0.6) 11 (0.7)
UVM 64 (0.8) 12 (0.8) 12 (0.8) 14 (0.9) 13 (0.8) 13 (0.8)
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Table 17: Multimodal fusion improves survival prediction within given cancer types. Average cross-validated
C-index of models evaluated on 27 cancer types in TCGA for which we could compute cross-
validated results. Multimodal model used fusion of all unimodal modalities. Results reported using
PCA to 256 dimensions for all foundation model derived embeddings. Average cross-validation
test fold characteristics provided to demonstrate vanishingly small sample sizes.

Cancer Type (TCGA Project)

BRCA KIRC UCEC THCA LGG HNSC LUSC LUAD COAD

Mean Test Size (N) 196.4 99.4 98.8 96.6 88.4 86.6 83.6 82.2 78.2
Mean Test Mortality (N) 28.0 33.4 15.8 3.2 20.0 40.6 37.0 29.8 15.8

Demographics 0.637 0.600 0.593 0.885 0.727 0.525 0.542 0.530 0.563
RNA-seq 0.573 0.673 0.643 0.619 0.790 0.560 0.579 0.620 0.604
Histology 0.648 0.685 0.703 0.749 0.753 0.636 0.598 0.617 0.629
Text 0.641 0.698 0.723 0.619 0.716 0.582 0.556 0.645 0.704

Multimodal 0.720 0.752 0.758 0.787 0.840 0.650 0.626 0.687 0.718

Cancer Type (TCGA Project)

BLCA LIHC STAD CESC SARC KIRP PAAD READ GBM

Mean Test Size (N) 68.6 63.8 53.8 49.6 48.0 47.4 33.6 28.8 28.4
Mean Test Mortality (N) 32.2 20.4 22.6 12.0 17.8 6.6 17.4 4.0 23.4

Demographics 0.584 0.558 0.525 0.602 0.571 0.498 0.545 0.706 0.596
RNA-seq 0.594 0.557 0.579 0.670 0.620 0.798 0.634 0.538 0.506
Histology 0.604 0.590 0.591 0.619 0.590 0.719 0.610 0.587 0.589
Text 0.576 0.549 0.644 0.603 0.659 0.788 0.616 0.642 0.498

Multimodal 0.663 0.608 0.676 0.704 0.673 0.846 0.673 0.664 0.570

Cancer Type (TCGA Project)

ESCA SKCM MESO KICH UVM ACC UCS OV CHOL

Mean Test Size (N) 23.2 18.8 13.2 13.0 12.8 10.6 10.4 8.4 6.6
Mean Test Mortality (N) 12.2 5.2 11.2 1.8 4.2 3.8 6.8 4.2 3.4

Demographics 0.579 0.513 0.503 0.615 0.684 0.591 0.631 0.518 0.492
RNA-seq 0.447 0.617 0.611 0.937 0.652 0.826 0.495 0.653 0.466
Histology 0.596 0.495 0.643 0.805 0.675 0.713 0.440 0.530 0.437
Text 0.553 0.619 0.514 0.882 0.530 0.754 0.654 0.498 0.557

Multimodal 0.576 0.590 0.665 0.937 0.739 0.825 0.628 0.588 0.493
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Figure 7: Manual review of generated summaries is facilitated by our simple comparison utility. Users
dynamically highlight text between reports and can edit as needed. This is more powerful than
traditional diff-checkers as summarized reports often fix typos or contain semantically similar text
that is not an exact string match. The tool is implemented in pure HTML/JavaScript and does
not require an internet connection to use.
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