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Abstract

Accurate cancer prognosis is essential for personalized clinical management, guiding treatment strategies and predicting patient
survival. Conventional methods, which depend on the subjective evaluation of histopathological features, exhibit significant inter-
observer variability and limited predictive power. To overcome these limitations, we developed cross-attention transformer-based
multimodal fusion network (CATfusion), a deep learning framework that integrates multimodal histology-genomic data for compre-
hensive cancer survival prediction. By employing self-supervised learning strategy with TabAE for feature extraction and utilizing
cross-attention mechanisms to fuse diverse data types, including mRNA-seq, miRNA-seq, copy number variation, DNA methylation
variation, mutation data, and histopathological images. By successfully integrating this multi-tiered patient information, CATfusion
has become an advanced survival prediction model to utilize the most diverse data types across various cancer types. CATfusion’s
architecture, which includes a bidirectional multimodal attention mechanism and self-attention block, is adept at synchronizing
the learning and integration of representations from various modalities. CATfusion achieves superior predictive performance over
traditional and unimodal models, as demonstrated by enhanced C-index and survival area under the curve scores. The model’s
high accuracy in stratifying patients into distinct risk groups is a boon for personalized medicine, enabling tailored treatment plans.
Moreover, CATfusion’s interpretability, enabled by attention-based visualization, offers insights into the biological underpinnings of
cancer prognosis, underscoring its potential as a transformative tool in oncology.
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within the same observer over time. As a result, patients classi-

Introduction fied in the same grade or stage may experience notably diverse

Cancer prognosis is a critical component in the clinical man-
agement of patients, guiding treatment strategies and offering
insights into survival outcomes [1]. In the standard clinical prac-
tice for numerous cancers, doctors manually examine histological
aspects of tumors, including their invasiveness, cellular abnor-
malities, tissue death, and cell division rates [2-4]. These evalua-
tions help in grading and staging cancer, which classifies patients
intorisk categories to inform treatment choices [5, 6]. For example,
the TNM system evaluates the primary tumor’s characteristics
like size, progression, and abnormality to assign a stage [7]. This
stage influences decisions on treatment plans, surgery eligibil-
ity, radiation therapy levels, and other therapeutic approaches.
However, it has been shown that the subjective evaluation of
pathological features can be quite inconsistent, with significant
differences in assessments between different observers and even

treatment outcomes [8]. During the past years, to fully exploit
the hidden information of histopathological images, a number
of computational approaches have been developed to retrieve
a wealth of features from these images [9-12]. These features
that quantitatively capture the cellular characteristics such as
size, form, arrangement, and texture were used to predict the
patient survival [13]. Alternatively, other methodologies leverage
genomic data to forecast cancer survival rates. This is because
cancer is intimately linked to genetic mutations and irregular
gene expression that disrupt standard cell functions and bio-
logical mechanisms [14]. Therefore, delving into genomic data is
highly pertinent for predicting cancer survival [15-17].

Those traditional prognostic models, relying primarily on clin-
ical parameters and unimodal data sources, have made signifi-
cant contributions to oncology but are increasingly recognized as
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limited in their ability to capture the complexity and heterogene-
ity of cancer [18, 19]. As medical data continue to accumulate,
the evolution of precision medicine demands a more nuanced
understanding, necessitating the integration of diverse data types,
including genomics, histopathology, and clinical data [20, 21].
The integration of macroscopic information from images and
microscopic information from molecular profiles to predict the
outcomes of cancer patients has become a mainstream focus
of current research [22, 23]. Recent advances in computational
pathology and machine learning have paved the way for a new
generation of prognostic models [24, 25]. These models, exempli-
fied by Pathomic Fusion [26], CAMR [27], and GPDBN [28], leverage
deep learning techniques to integrate multimodal data, offering a
more comprehensive and objective assessment of cancer survival.
The integration of heterogeneous data sources, such as copy num-
ber variations, mRNA expression, and histopathological images,
allows these models to capture the intricate interplay between
molecular and morphological cancer characteristics. However,
the fusion techniques employed in these methods, such as the
Kronecker product and low-rank multimodal fusion, still struggle
to effectively align the diverse and heterogeneous multimodal
data. This can often result in markedly different representations
within the feature space, known as the modality gap problem. As a
result, the presence of modality gaps impedes the comprehensive
integration of multimodal information, significantly constraining
further advancements in the predictive performance of cancer
survival. In biological terms, these gaps in data representation
can hinder the seamless merging of information from various
biological data types, thereby limiting the potential for more
accurate cancer prognosis.

To address this problem, our proposed model, cross-attention
transformer-based multimodal fusion network (CATfusion),
for pan-cancer survival prediction by integrating multimodal
histology-genomic data, embodies a triple advantage. Firstly,
the use of a self-supervised learning framework, TabAE, for
feature extraction from genomic data, addresses the challenge
of maintaining data integrity while reducing dimensionality.
Secondly, the integration of the greatest variety of data types,
including mRNA-seq, miRNA-seq, copy number variation, DNA
methylation variation, mutation data, and histopathological
slides, allows for a comprehensive analysis that captures the
multifaceted nature of cancer. Thirdly, CATfusion’s architecture,
which includes a bidirectional multimodal attention mechanism
and self-attention block, is adept at synchronizing the learning
and integration of representations from various modalities. The
model’s enhanced outcomes, characterized by elevated C-index
and survival area under the curve (AUC) scores surpassing those
of single-modal and conventional models, highlight its promise
for practical clinical application. Its proficiency in accurately
categorizing patients into low- and high-risk cohorts is a boon
for individualized medicine, enabling the customization of
therapeutic strategies in accordance with each patient’s unique
risk profile.

Materials and methods

Dataset description

Genomic (copy number variation, mutation), epigenomic (DNA
methylation variation), and transcriptomic (mRNA-seq, miRNA-
seq) data for 32 cancer types in The Cancer Genome Atlas (TCGA)
[29] were downloaded from the Firehose of the Broad Institute
(http://gdac.broadinstitute.org/, January 2023 version). Diagnostic
whole slide images (WSIs) and their corresponding clinical data

were also obtained from TCGA and are publicly accessible through
the NIH Genomic Data Commons Data Portal (https://portal.gdc.
cancer.gov/). Detailed statistics on the number of samples for
each modality can be found in Supplementary Table 1. Due to the
limited sample size in miRNA-seq data, TCGA-GBM was excluded
from the multimodal fusion analysis.

In this study, the preprocessing of pathological images adheres
to the methodology outlined in the Self-supervised Image Search
for Histology (SISH) publication [30], aiming to dissect extensive
WSIs into manageable segments, termed “mosaics.” The detailed
description of the preprocessing of genomics data and pathologi-
cal images are delineated in Supplementary File 1.

Representation learning for genomic features

In this study, we introduce TabAE, a novel autoencoder-decoder
architecture that capitalizes on the inherent information redun-
dancy within structured datasets to facilitate feature extraction.
Mustrated in Fig. 1b, we exemplify the process using gene expres-
sion profile data from a single sample, initially characterized by
a [1, 10 240] dimensionality. By employing a 1024-length sliding
window, the 1D expression vector is reshaped into a 2D format
[10, 1024]. Subsequently, a random masking strategy with a 40%
probability is implemented, selectively omitting certain column
vectors, as depicted by the shaded regions post “Random Mask”
application. The remaining vectors are subsequently subjected to
an encoding process via an encoder architecture. This encoder
is constructed from four layers of transformer blocks, which
integrate self-attention mechanisms to extract features from the
vectors. Following this, the feature vectors that were initially
masked with random values are reinserted at their respective
positions, reconstructing a feature vector identical in size to the
original input. The feature vector then undergoes a decoding
phase through a decoder, which is assembled from two layers of
transformer blocks with self-attention mechanisms, facilitating
the reconstruction of the vector. The objective loss function is the
mean squared error between the output and the input vectors at
the masked positions, which is defined as follows:

n

Loss = 1/nz (% — yl-)2 (1)

i=1

Here, y and x respectively denote the output vector and the input
vector at the corresponding masked positions.

Ultimately, the genomic data of all samples are passed through
the encoder of their respective trained TabAE to obtain the feature
vectors.

In order to validate the capacity of feature vectors from diverse
cancer samples to delineate the intrinsic features of each cancer
type, we employ a classic random forest classification model.
This model is trained on feature vectors derived from one type
of omics data. Following the training phase, the model’s classi-
fication accuracy is meticulously tested on samples from each
cancer type to ensure its ability to accurately distinguish between
them. In addition, we evaluated the impact of different gene
embedding methods on the classification performance of feature
maps obtained using RNA-seq TabAE. In addition, we evaluated
the impact of different gene embedding methods [31-33] on the
classification performance of feature maps obtained using RNA-
seq TabAE (Supplementary Table 8). Overall, the performance of
the three methods was largely comparable. However, in certain
challenging cancer types, such as TCGA-COAD, our gene embed-
ding method demonstrated a slight advantage.
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Figure 1. Pan-cancer integrative histology-genomic fusion analysis platform for survival estimation (CATfusion) workflow. (a) Illustration of the proposed
CATfusion framework. (b) The process of extracting features from genomic data. Illustration of the proposed TabAE framework. (c) The intricate
architecture of a bidirectional multimodal attention block, which encompasses two-layer normalization layers (norm), one bidirectional multimodal
attention layer and one MLP. (d) In the bidirectional multimodal attention layer, meticulous attention mechanisms are at play, synchronizing the learning
and integration of representations drawn from multiple modalities. (e) Detailed architecture of a self-attention block.
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Representation learning for histologic image

In parallel with the feature characterization of genomic data,
the fragmented mosaics derived from pathological images neces-
sitate feature extraction to capture their underlying pathologi-
cal signatures. For this purpose, various state-of-the-art feature
extraction tools, renowned for their efficacy in the field, have been
utilized to delineate the features inherent in these mosaics. Illus-
trated in Supplementary Fig. SA, in an effort to identify the most
informative features, this study has employed seven distinct fea-
ture extractors for pathological images: Prov-GigaPath [34], Hibou
[35], Kaiko [36], Phikon v2 [37], BiomedCLIP [38], PLIP [39], and
CTransPath [40]. BlomedCLIP and PLIP are deep learning architec-
tures that have been pretrained on datasets comprising image—
text pairs, capitalizing on the synergistic relationship between
visual and textual data. Conversely, Prov-GigaPath, Hibou, Kaiko,
Phikon v2, and CTransPath employs a self-supervised learning
approach to enhance the model'’s ability to discern relevant fea-
tures.

To verify whether histopathological slides and omics data are
correlated and whether they can complement each other, we
conducted cross-modal analyses using RNA-seq and methods like
RNAPath [41] and HE2RNA [42] to infer gene expression profiles
from histopathological slides. The inferred profiles showed a mod-
erate correlation (around 0.45) with actual RNA-seq data across
cancer types (Supplementary Fig. 5E). Similar correlations were
observed with methylation and miRNA expression.

Multimodalities fusion (CATfusion)

In this research, we propose a novel, multimodal fusion approach
leveraging cross-attention mechanisms (CATfusion), designed to
prognosticate the survival risks of oncology patients by amalga-
mating data from pathological slides and diverse genomic modali-
ties. As illustrated in Fig. 1a, CATfusion ingests features extracted
from pathological images and a spectrum of genomic datasets,
with respective dimensions tailored for each data type. To har-
monize the data dimensions, an embedding layer is employed
to equate the feature space’s second dimension to 768 units.
The pathological imagery undergoes a linear transformation, is
prefixed with a classification-specific “cls” token, and is endowed
with positional embeddings to delineate the provenance of fea-
tures. A dropout layer is integrated to mitigate the risk of over-
fitting. Parallel processing is applied to genomic datasets through
analogous embedding layers to adjust their semantic representa-
tion. Post-embedding, the integrated features from pathology and
genomics are directed into a bidirectional attention fusion mod-
ule, as outlined in Supplementary Fig. 1A, where self-attention
mechanisms are adeptly transitioned into cross-attention to fos-
ter intermodality data exchange, as visualized in Fig. 1c. The
ensuing feature amalgamation is then subjected to a series of 10
self-attention block transformer modules (Fig. 1e), enhancing the
model’s capacity to discern and assimilate intrinsic data charac-
teristics. The culmination of this process is the conveyance of the
enriched features to a dedicated survival prediction layer, which
performs a survival analysis to ascertain the survival prospects of
cancer patients.

In the bidirectional multimodal attention fusion module, the
structure of the cross-attention fusion operation is shown in
Fig. 1d. Given the multiomics feature matrix G and the patholog-
ical image feature matrix I, they are first transformed through
converters to obtain their respective query matrices (Qq, Q;), key
matrices (Ky,K;), and value matrices (Vy, V;). Then, the matrices
K and V are exchanged for each modality and input into the

corresponding multihead attention, calculating the image atten-
tion matrix under multiomics conditions and the multiomics
attention matrix under image conditions. The input for the mul-
tiomics feature matrix G"*' and the pathological image feature
matrix "1 at the t+ 1 layer can be calculated using the following
formula:

tTgt tTet
G = softmax L K vy + softmaX(Qg : )\/It ()
[d, Vi

Q'k!

QK]
= softmax( L )Vf + softmax [ —2 | V! 3)
Vb, /d, ’

Here, dy,, dy, represent the dimensions of the key matrices, respec-
tively.

Survival prediction

The output of the network was a single node, which estimates
the risk function. The weights of the network are trained with
the time-to-event (death) outcomes to optimize the Cox likelihood
function. The Cox partial likelihood was defined as follows:

L= 11} |:Zjef(x1) exp (h9 (XJ)) i| K

When we minimized negative log partial likelihood, the loss func-
tion was

100)=— Zai (he (%) — log Z exp (hy ()9))) (5)

i=1 jefxp)

§; was an indicator of whether the survival time was censored
(6 = 0) or observed (8 = 1). & was the weight of the net-
work. f (x;) denoted the set of individuals who were at risk for
failure time of individual i. Training details are delineated in
Supplementary File 1.

The process of achieving model interpretability

In our study, we have adopted the model interpretation pro-
cedures as detailed in the PORPOISE [43]. In brief, for a given
WSI, to perform visual interpretation of the relative importance
of different tissue regions toward the patient-level prognostic
prediction, we first compute attention scores for 100 mosaics
(without overlap) from all tissue regions in the slide. We refer
to the attention score distribution across all mosaics from all
WSIs from the patient case as the reference distribution. For
fine-grained attention heatmaps, attention scores for each WSI
are recomputed by increasing the tiling overlap to up to 90%.
For visualization, the attention scores are converted to percentile
scores between 0.0 (low attention) to 1.0 (high attention) using the
initial reference distribution and spatially registered onto the cor-
responding WSIs (scores from overlapping mosaics are averaged).
The resulting heatmap, referred to as local WSI interpretability, is
transformed to RGB values using a colormap and overlayed onto
the original slide image with a transparency value of 0.5.

Achieving corresponding cell labels in high
attention regions of slide image

For sets of WSIs belonging to different patient cohorts, we per-
formed global WSI interpretability by quantifying and character-
izing the morphological patterns in the highest-attended image
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patches from each WSI. Since WSIs have differing image dimen-
sions, we extracted a proportional amount of high attention image
patches (1%) to the total image dimension. On average, approxi-
mately 135512 x 512 image patches used as high attention regions
in each slide. These attention patches are analyzed using a Hov-
erNet model pretrained for simultaneous cell instance segmen-
tation and classification [44]. Cells are classified as either tumor
cells (red), inflammatory cells (green), stromal cells (blue), necro-
sis cells (yellow), or non-neoplastic epithelial cells (orange). For
each of these cell types, we analyzed the cell type frequency
across all counted cells in the highest-attended image patches in
a given patient, then analyzed the cell fraction distribution across
all patients in low- and high-risk patients, defined as patients
below and above the 25% and 75% predicted risk percentiles,
respectively.

Results

Effectiveness of TabAE architecture for
representation learning in genomic data

To ensure an unbiased extraction of intrinsic sample characteris-
tics from each type of genomic data, we deployed a self-supervised
learning framework, yielding the construction of the TabAE model
as illustrated in Fig. 1b. This model was trained rigorously across
a spectrum of TCGA genomic datasets encompassing mRNA-seq,
miRNA-seq, copy number variation, DNA methylation variation,
and mutation data, as detailed in Supplementary Fig. 1B. In our
training regimen, the TCGA-TGCT dataset served as a validation
cohort, while the remaining samples were apportioned into train-
ing and test subsets with a ratio of 4:1, culminating in a five-fold
cross-validation process. The trajectory of loss reduction through-
out training is delineated in Supplementary Fig. 2. We observed a
tendency for overfitting during the TabAE model training when
utilizing miRNA-seq data, attributable to its relatively few input
features. In contrast, other omics datasets did not exhibit sig-
nificant overfitting phenomena. Post the training of the TabAE
models for each genomic category, we extracted the feature maps
from the encoding layer of the TabAE, which were subsequently
utilized as the genomic features for CATfusion input.

To determine whether these feature maps could capture the
unique characteristics of various cancer types, we used the
Uniform Manifold Approximation and Projection (UMAP) dimen-
sionality reduction algorithm to visualize the sample distribution
across different cancer types in a 2D plane, as shown in Fig. 2a
and Supplementary Fig. 3A. The features derived from mRNA-
seq, miRNA-seq, and DNA methylation variation effectively
distinguished samples across different cancer types. Additionally,
the validation dataset, TCGA-TGCT, clearly segregated from
other cancer types. Conversely, the mutation data exhibited the
least effectiveness in discrimination (Supplementary Fig. 3A),
corroborating existing research that posits a higher degree of
stochasticity in mutation information. Parallel findings were
observed in experiments utilizing a random forest classification
model (see Methods, Fig. 2b, Supplementary Fig. 3B and C, and
Supplementary Fig. 4A and B).

Choose the optimal whole-slide image feature
extractor

In parallel with the genomic data feature analysis, the extrac-
tion of features from the fragmented pathology images, simply
referred to as mosaics, is imperative for revealing the intrinsic
pathological signatures. For this purpose, we employed seven
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published and well-trained self-supervised learning algorithms—
Prov-GigaPath, Hibou, Kaiko, Phikon v2, BiomedCLIP, PLIP, and
CTransPath—to serve as feature extractors for these patholog-
ical images. To evaluate how well the mosaic features capture
pathological heterogeneity across various cancer types, we used
an attention-based multiple instance learning (AttMIL) classifi-
cation model. The model was trained on the extracted mosaic
features to classify cancer samples into their specific cancer
types.

The AttMIL model, when trained with features derived from
CTransPath, demonstrated superior performance, attaining an
accuracy of 84% on the test dataset with the minimal incidence
of overfitting, as depicted in Supplementary Fig. 5B-D and
Supplementary Table 2. This outcome underscores the robustness
of the CTransPath-extracted features in discerning the patholog-
ical nuances of different cancer types (Supplementary Fig. 6).
Based on these findings, we selected the image mosaics features
extracted by CTransPath to serve as the image component
input for the CATfusion model. This integration of features
enables a holistic analysis that encapsulates the multifaceted
characteristics of the cancer phenotypes.

Multimodalities fusion (CATfusion) for survival
prediction

To tackle the complexities of creating integrated image-omics
biomarkers for predicting cancer outcomes, we propose a
deep learning-based multimodal fusion (CATfusion) algorithm
that uses both histopathological slides and molecular profile
features (mRNA-seq, miRNA-seq, copy number variation, DNA
methylation variation, mutation) to assess and elucidate the
comparative risk associated with cancer mortality (Fig. 1a). In
an initial evaluation, we subjected our CATfusion model to a
five-fold cross-validation utilizing paired whole-slide imaging
and genomic data across 31 cancer types. We also performed
a comparative analysis with single-modality deep learning
models: one employing an attention-based multiple-instance
learning (AttMIL-WSI) framework [45] on whole-slide images
mosaic features exclusively, and another relying on genomic data
features solely (AttMIL-Genomic). In evaluating the comparative
effectiveness of these models, we leveraged the cross-validated
concordance index [46] (C-index) to quantify predictive perfor-
mance, employed Kaplan-Meier curves [47] for visual assessment
of patient risk stratification, and utilized the log-rank test for
statistical validation of the stratification’s ability to differentiate
between low- and high-risk patient groups, specifically at the 50th
percentile threshold of the predictive risk scores. Furthermore,
alongside the C-index, we present the dynamic AUC, known as
the survival AUC [48]. This metric mitigates the overestimation
inherent in model performance calculations due to censored data,
offering a more accurate reflection of predictive capabilities.
Encompassing a spectrum of 31 cancer types, CATfusion
achieved an overall C-index of 0.668, outperforming AttMIL-WSI
and AttMIL-Genomic, which garnered C-index of 0.642 and 0.650,
respectively (Fig. 3b; Supplementary Table 3). In terms of survival
AUC, CATfusion exhibited a parallel enhancement with an overall
score of 0.628, surpassing the 0.612 and 0.601 achieved by AttMIL-
WSI and AttMIL-Genomic (Fig. 3c; Supplementary Table 3).
When evaluating the models’ performance on individual cancer
types, CATfusion dominated, attaining the top C-index for
23 out of 31 types, and for 26 types, it showed statistically
significant effectiveness in distinguishing between low- and
high-risk patient groups (Fig. 3 a and b; Supplementary Fig. 7;
Supplementary Table 3). In contrast to AttMIL-Genomic, which


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data

6 | Huetal

A mRNA-Seq miRNA-Seq
8 ]
20
g
15
6
10
»
o~ 5 Q
| o~ 5
Z o
24 % =
o 0
3 <k
-5
2 s -
& -10
1 ~
-15
o .
2 4 6 8 10 12 4
UMAP_1 5 0 5 UMA!1=O1 15 20 25
Copy Number Variation DNA Methylation Variation
i 25 ‘;_‘
20
2 15
o~
g ~ 10
0 E
= =
> 5
2 0
-5
4
-10
12 14 16 18 20 2 0 2 4 6 8
UMAP_1 UMAP_1
TCGA-ACC TCGA-CHOL @ TCGA-GBM  @TCGA-KIRP  @TCGA-LUAD TCGA-PAAD TCGA-SARC ~ @TCGA-THCA  @TCGA-UM
@TCGABLCA @TCGA-COAD @TCGA-HNSC  @TCGA-LAML TCGALUSC  @TCGA-PCPG  @TCGA-SKCM TCGA-THYM
TCGABRCA @TCGADLBC @TCGAKICH @TCGA-LGG  @TCGA-MESO @TCGA-PRAD () TCGA-STAD TCGA-UCEC
TCGA-CESC @TCGA-ESCA  @TCGA-KIRC TCGA-LIHC TCGA-OV @TCGA-READ  @TCGA-TGCT TCGA-UCS
mRNA-Seq
1.000 - 4
- \ /
V
0.975 -
measurement
o ~o- Precision
3 0.950 -
s —o- Recall
~o- F1_score
0.925 -
0.900 -
O v N \»@ > W e SN R R Y] A v e\&
© O ov <) %0‘& NG Q~?~ 2 O Q vq-ovoo~\<<,o<
QGOQ/Q‘OQ\/@Q: eppp\y \oo\&«,v X EEL R TR o

2 N
vv‘?v» o S G o i, vvvvv’v”v’vvv o‘*
& EF SIS ESE «00«00 F& 00«00 © /\00 SeY <, S S S S S S i S S

Figure 2. Evaluate the features extracted from different genomic data through unsupervised methods. (a) The scatter plot delineates the outcomes
of dimensionality reduction via UMAP, showcasing the features derived from a spectrum of genomic datasets, including mRNA-seq, miRNA-seq, copy
number variation, and DNA methylation variation. (b) The classic random forest classification model is utilized to fit the features extracted from the
mRNA-seq data by TabAE. A line chart illustrates the performance of the trained random forest classification model across various cancer type datasets.
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Figure 3. Model performances of CATfusion for survival prediction. (a) Kaplan-Meier analysis of patient stratification of low- and high-risk patients via
CATfusion across 16 cancer types. Low and high risks are defined by the median 50% percentile of hazard predictions via CATfusion. Log rank test was
used to test for statistical significance in survival distributions between low- and high-risk patients (xP <.05). (b) The C-index performance of survival
models with different model inputs (genomic data, WSI data, genomic data and WSI data) is evaluated for each cancer type using a five-fold cross-
validation method. Horizontal line for each model shows average C-index performance across all cancer types. Boxplots correspond to C-indices of five
replicates on the aggregated risk predictions. (c) The survival AUC performance of survival models with different model inputs (genomic data, WSI data,
genomic data and WSI data) is evaluated for each cancer type using a five-fold cross-validation method. Horizontal line for each model shows average
survival AUC performance across all cancer types. Boxplots correspond to C-indices of five replicates on the aggregated risk predictions.
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Table 1. Comparison of multimodal fusion trained with various fusion operators.

C-index
Datasets Concat Kronecker dot Low-rank CATfusion
TCGA-ACC 0.607 £+ 0.036 0.671 £ 0.016 0.624 + 0.021 0.83 + 0.022
TCGA-BLCA 0.624 £+ 0.027 0.631 +£0.017 0.618 + 0.026 0.647 + 0.028
TCGA-BRCA 0.576 £ 0.034 0.607 £+ 0.029 0.651 £ 0.022 0.724 + 0.027
TCGA-CESC 0.611 + 0.031 0.681 + 0.034 0.663 £ 0.030 0.742 + 0.026
TCGA-CHOL 0.607 £+ 0.026 0.626 + 0.038 0.641 + 0.013 0.631 £ 0.027
TCGA-COAD 0.612 £+ 0.043 0.644 +0.027 0.712 +£0.029 0.722 + 0.021
TCGA-DLBC 0.536 + 0.041 0.551 +£0.031 0.589 + 0.030 0.565 £ 0.029
TCGA-ESCA 0.521 + 0.037 0.572 £0.023 0.581 4+ 0.036 0.605 + 0.014
TCGA-HNSC 0.563 + 0.041 0.582 £ 0.030 0.640 + 0.025 0.62 +0.028
TCGA-KICH 0.627 £0.016 0.716 + 0.026 0.683 + 0.016 0.87 £ 0.034
TCGA-KIRC 0.618 £ 0.047 0.634 £ 0.042 0.676 £ 0.026 0.725 £ 0.007
TCGA-KIRP 0.794 + 0.026 0.749 4+ 0.034 0.751 4+ 0.030 0.804 + 0.014
TCGA-LGG 0.762 £0.037 0.711 £0.016 0.754 £ 0.029 0.849 + 0.036
TCGA-LIHC 0.618 + 0.041 0.567 4+ 0.029 0.553 + 0.017 0.577 £ 0.025
TCGA-LUAD 0.611 £ 0.027 0.621 £ 0.026 0.631 £ 0.025 0.667 £+ 0.017
TCGA-LUSC 0.506 + 0.043 0.624 +0.029 0.653 £ 0.010 0.651 + 0.021
TCGA-MESO 0.537 £0.044 0.617 £ 0.017 0.573 £0.026 0.609 £ 0.024
TCGA-OV 0.561 4 0.037 0.591 + 0.024 0.537 £ 0.015 0.552 +0.018
TCGA-PAAD 0.631 + 0.034 0.604 £ 0.011 0.583 £ 0.024 0.569 £ 0.023
TCGA-PCPG 0.657 + 0.026 0.649 + 0.020 0.651 + 0.027 0.716 + 0.029
TCGA-PRAD 0.573 £0.030 0.583 £ 0.016 0.657 £ 0.031 0.748 + 0.018
TCGA-READ 0.624 4+ 0.037 0.663 + 0.029 0.673 + 0.026 0.724 + 0.034
TCGA-SARC 0.627 £0.023 0.676 £+ 0.016 0.637 £0.012 0.67 +0.023
TCGA-SKCM 0.631 4+ 0.046 0.651 4+ 0.042 0.660 + 0.027 0.692 + 0.039
TCGA-STAD 0.546 £ 0.019 0.673 £ 0.018 0.606 £ 0.024 0.655 £ 0.014
TCGA-TGCT 0.618 + 0.023 0.637 £ 0.024 0.628 + 0.015 0.694 + 0.035
TCGA-THCA 0.610 £+ 0.036 0.549 £+ 0.010 0.566 £ 0.025 0.563 £+ 0.025
TCGA-THYM 0.609 £+ 0.017 0.678 £ 0.016 0.732 +£ 0.027 0.716 £ 0.033
TCGA-UCEC 0.652 £ 0.026 0.682 + 0.026 0.649 £+ 0.026 0.729 + 0.023
TCGA-UCS 0.517 £0.011 0.537 £ 0.021 0.563 £+ 0.030 0.528 £ 0.039
TCGA-UVM 0.651 £ 0.040 0.648 + 0.027 0.683 £ 0.020 0.748 + 0.022

Note: The bolded numbers indicate the maximum values under the corresponding indicators. The number preceding the plus-minus sign (+) represents the

mean value, and the number following it represents the standard deviation.

solely relies on genomic data, CATfusion maintained a steady
performance in both C-index and survival AUC across 28 types of
cancer. Though AttMIL-Genomic had a comparable performance
on some cancer types, we observed both substantial improvement
in fusion model performance and patient stratification for breast
invasive carcinoma (TCGA-BRCA), colon adenocarcinoma (TCGA-
COAD), kidney renal papillary cell carcinoma (TCGA-KIRP), and
uterine corpus endometrial carcinoma (TCGA-UCEC). Compared
with AttMIL-WSI, CATfusion also demonstrated consistent
performance in C-index across 23 cancer types. We noticed
both substantial improvement in model performance for rectum
adenocarcinoma (TCGA-READ) and brain lower grade glioma
(TCGA-LGG).

Overall, however, model performances were found to improve
following multimodal integration for almost all cancer types
(Fig. 2b), the comparative analysis of different aggregation strate-
gies on the TCGA datasets confirmed this result (Supplementary
Table 4). In examining unimodal models that were close to
CATfusion performance, AttMIL-Genomic showed significance
in stratifying pancreatic adenocarcinoma (TCGA-PAAD), and
AttMIL-WSI showed significance in stratifying sarcoma (TCGA-
SARC) and mesothelioma (TCGA-MESO).

Among all single cancer types included in our study, TCGA-LGG
had the largest performance increase with multimodal training,
reaching a C-index performance of 0.849 [95% confidence interval
(CI): 0.813-0.885, P=7.126 x 10~ log rank test], compared with
0.729 (95% CI: 0.713-0.745, P=2.45 x 1072, log rank test) using

AttMIL-Genomic and 0.708 (95% Cl: 0.696-0.72, P=1.40 x 10 log
rank test) using AttMIL-WSI (Supplementary Table 3). Following
the correction of potential optimistic bias with high censorship
via survival AUC evaluation, we observed similar model per-
formances with CATfusion reaching an AUC of 0.727(SD: 0.054)
compared with 0.709 (SD: 0.023) in AttMIL-Genomic and 0.694 (SD:
0.006) in AttMIL-WSI.

To focus on more in-depth analysis of the results for lung can-
cer, we expanded our data collection to include relevant datasets
from the CPTAC database (Supplementary Table 5), retrained the
CATfusion model on lung cancer datasets that are present in
both the CPTAC and TCGA cohorts (TCGA-LUAD, TCGA-LUSC,
CPTAC-LUAD, CPTAC-LUSC) and subsequently tested the model.
The results are summarized in Supplementary Table 6. Overall,
CATfusion achieved a high C-index value, indicating strong pre-
dictive performance.

Evaluation of CATfusion

In addition to conducting ablation studies in comparing unimodal
and multimodal models, we also assessed Cox proportional
hazard models using age, gender, and tumor grade covariates
as baselines, which were still outperformed by CATfusion
(Supplementary Table 7). We also performed comprehensive com-
parative analysis of multimodal fusion techniques, employing
diverse fusion operators (Table 1). The study juxtaposes four
distinct fusion strategies: the conventional concatenation
approach, the Kronecker dot product approach, low-rank
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Table 2. A comparison of survival prediction performance is made between other multimodal models and our model on the TCGA
datasets for lower grade glioma (TCGA-LGG), breast cancer (TCGA-BRCA), and lung squamous cell carcinoma (TCGA-LUSC).

9

Methods C-index
TCGA-LGG TCGA-BRCA TCGA-LUSC
Traditional RSF 0.790 £+ 0.022 0.626 £+ 0.040 0.542 4+ 0.029
Lasso—-Cox 0.785 £ 0.014 0.611 £+ 0.055 0.567 £ 0.027
Deep learning PORPOISE 0.821 £ 0.023 0.714 £ 0.014 0.659 + 0.020
Pathomic Fusion 0.817 £ 0.027 0.717 £0.013 0.618 £ 0.025
CAMR 0.803 £+ 0.020 0.722 £0.021 0.627 £0.011
GPDBN 0.818 +0.028 0.706 £ 0.032 0.630 £0.023
CATfusion (our) 0.849 + 0.036 0.724 + 0.027 0.651 £ 0.021

Note: The bolded numbers indicate the maximum values under the corresponding indicators. The number preceding the plus-minus sign (+) represents the

mean value, and the number following it represents the standard deviation.

multimodal fusion, and the CATfusion. Results reveals that the
CATfusion demonstrates a consistent and statistically significant
enhancement in predictive accuracy across the majority of the
evaluated cancer types (18/31), as evidenced by the highest
C-index values. Notably, the CATfusion achieves a remarkable
C-index of 0.87 +0.034 for the TCGA-KIRC dataset, underscoring
its superiority in integrating multimodal data for robust cancer
outcome prediction.

We have conducted a rigorous comparative analysis of sur-
vival prediction performance, juxtaposing our proposed CATfu-
sion model against a spectrum of traditional and deep learning
methodologies on TCGA datasets for lower-grade glioma (TCGA-
LGG), breast cancer (TCGA-BRCA), and lung squamous cell car-
cinoma (TCGA-LUSC). The traditional approaches, including RSF
[49], and Lasso-Cox [50], were benchmarked alongside deep learn-
ing algorithms such as PORPOISE [43], Pathomic Fusion [26], CAMR
[27], and GPDBN [28]. To ensure equitable assessment, all com-
parative models were evaluated using identical input features,
as delineated in Table 2. The comparative analysis reveals that
while traditional models achieve moderate success, the deep
learning methods generally surpass them in predictive accuracy.
Notably, Pathomic Fusion demonstrates a commendable C-index
value on the TCGA-LGG dataset. However, our CATfusion model
emerges as the preeminent performer, securing a C-index of 0.849
for TCGA-LGG, 0.724 for TCGA-BRCA, and 0.651 for TCGA-LUSC.
These results not only eclipse the performance of the second-
best methods by a significant margin—2.0%, 4.3%, and 2.0%,
respectively—but also underscore the superiority of CATfusion in
amalgamating multimodal data to enhance the prognostication
of patient outcomes.

Model interpretability and visualization

For interpretation and further validation of our models, we
applied attention- and gradient-based interpretability to our
trained CATfusion model in order to explain how WSIs features
are respectively used to predict prognosis. For each slide, we
used a custom visualization tool that overlays attention weights
computed from CATfusion onto the diagnostic slide, which is
displayed as a high-resolution attention heatmap that shows
relative prognostic relevance of image regions used to predict risk.

We assessed high-attention regions of WSIs in the top
25% (high-risk group) and bottom 25% (low-risk group) of
predicted patient risks for each cancer type, which reflect
favorable and poor cancer prognosis, respectively (Fig.4a;
Supplementary Fig. 8A). In addition to visual inspection from
two pathologists, we simultaneously segmented and classified
cell-type identities across high-attention regions in our WSIs

(Fig. 4b; Supplementary Fig. 8B). Taking TCGA-LUAD (lung
adenocarcinoma) and TCGA-SKCM (skin cutaneous melanoma)
as examples, we generally observed that high-attention regions
in low-risk patients corresponded with greater immune cell
presence and lower tumor grade than that of high-risk patients,
demonstrating statistically significant differences in lymphocyte
cell fractions in high-attention regions (Fig. 4c; Supplementary
Fig. 8C). In the selected example of lung adenocarcinoma
(Fig. 4), the original histological section does not allow for the
discernment of regions with the naked eye. However, our model is
able to highlight high-attention areas near the alveoli (indicated
by circles), which correspond to the dilation of capillaries and
infiltration of inflammatory cells in cancerous tissues. These
subtle pathological features are often not easily detected by
pathologists through visual inspection alone. Furthermore,
we also observed that high-attention regions in high-risk
patients corresponded with increased tumor cell presence and
tumor invasion in TCGA-LUAD and TCGA-SKCM, demonstrating
statistically significance differences in tumor cell fractions.

Discussion

We introduce a novel deep learning-driven approach, CATfusion,
for pan-cancer survival prediction by integrating multimodal
histology-genomic data. Our methodology introduces several
innovative elements. Firstly, the use of a self-supervised learning
framework, TabAE, for feature extraction from genomic data,
addresses the challenge of maintaining data integrity while
reducing dimensionality. Secondly, the integration of the greatest
variety of data types, including WSI, mRNA-seq, miRNA-seq, copy
number variation, DNA methylation variation, and mutation
data, allows for a comprehensive analysis that captures the
multifaceted nature of cancer. Thirdly, the application of cross-
attention mechanisms in CATfusion enables effective fusion of
heterogeneous data, leading to enhanced predictive capabilities.
Returning to the research motivation, human solid tumors,
whether in normal tissue or in the context of tumorigenesis, are
not driven by a single cell type but rather by complex multicellular
communities. These communities form the smallest functional
units within tumors, and differences in their composition are
responsible for individual variability and prognostic outcomes.
Our approach is motivated by the need to understand the
multicellular nature of solid tumors and the availability of a
large and diverse dataset like TCGA, which enables us to uncover
clinically relevant patterns across multiple cancer types.

Despite the promising results, our study has potential limita-
tions. The generalizability of our model may be constrained by the


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf121#supplementary-data
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composition of the TCGA dataset, which may not fully represent
the diversity of cancer patient populations worldwide. Addition-
ally, the reliance on self-supervised learning for feature extraction
may also introduce biases based on the training data, which
could affect the model’s performance. Looking forward, several
avenues for future research open up. Expanding the dataset to
include more diverse patient populations and integrating clinical
variables could enhance the model’s applicability.

In conclusion, our study presents CATfusion, a robust model for
pan-cancer survival prediction. It integrates multimodal data and
deep learning to improve accuracy and interpretability, showing
potential for clinical application. Future work should address
limitations and build on strengths.

Key Points

e Qur CATfusion employs a self-supervised learning
framework, TabAE, for feature extraction from genomic
data, addresses the challenge of maintaining data
integrity while reducing dimensionality.

e The integration of the greatest variety of data types,
including mRNA-seq, miRNA-seq, copy number varia-
tion, DNA methylation variation, mutation data, and
histopathological slides, allows for a comprehensive
analysis that captures the multifaceted nature of cancer.

e QOur CATfusion’s architecture, which includes a bidi-
rectional multimodal attention mechanism and self-
attention block, is adept at synchronizing the learn-
ing and integration of representations from various
modalities.
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