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A B S T R A C T

Accurate survival prediction in breast cancer remains a key challenge in oncology, requiring models that can 
integrate diverse clinical, molecular, and imaging data sources to guide breast cancer management. While recent 
deep learning models have explored multimodal integration for cancer survival prediction, their generalizability 
to unseen data remains limited. In this study, we developed and optimized unimodal and multimodal models for 
breast cancer survival prediction, systematically assessing our optimized early and late integration strategies and 
their impact on out-of-sample generalization performance. We integrated clinical variables, somatic mutations, 
RNA expression, copy number variation, miRNA expression, and histopathology images from The Cancer 
Genome Atlas breast cancer dataset. Across all modality combinations, late fusion models consistently out
performed early fusion approaches and late and intermediate benchmark methods, with the combination of 
omics and clinical data yielding the highest test-set concordance indices. Explainability analyses showed that our 
models captured biologically relevant features associated with patient survival. These findings highlight the 
value of late-fusion multimodal deep learning frameworks for robust and explainable survival prediction in 
breast cancer.

1. Introduction

Breast cancer remains the most diagnosed malignancy and a leading 
cause of cancer-related mortality in women worldwide [1]. Accurate 
survival prediction is essential for guiding treatment decisions and 
improving patient outcomes. While traditional prognostic models rely 
heavily on clinicopathological variables such as age, tumor stage, and 
molecular subtype [2], these clinical features alone do not fully account 
for the molecular and microenvironmental heterogeneity that drives 
patient-specific outcomes.

Recent advances in high-throughput molecular profiling and digital 
pathology have created new opportunities for improving survival pre
diction. Large-scale initiatives such as The Cancer Genome Atlas 
(TCGA), provide publicly available datasets that integrate clinical, 
omics, and histopathology imaging data for thousands of breast cancer 

patients [3]. Leveraging these multimodal datasets, several deep 
learning models, including MCAT [4], PORPOISE [5], and MGCT [6], 
have been developed to predict survival.

However, while these models have demonstrated strong training 
performance, they encounter significant challenges in generalizing 
effectively to unseen data within the same cohort. Recurrent limitations 
across the broader literature include susceptibility to overfitting 
(particularly with limited sample sizes), difficulties in effectively inte
grating heterogeneous data modalities, and the use of single data splits 
for validation, which can increase the variability in the estimation of the 
true performance [7–9].

Within this context, a crucial unresolved question in multimodal 
integration is how to identify the optimal fusion strategy that reliably 
enhances model generalization. Early fusion approaches, which simply 
concatenate features from all modalities at the input layer, risk 
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overfitting and poor gradient flow in high-dimensional settings [10]. 
While methods employing later-stage (e.g., intermediate or late) fusion 
are established [4–6] to combine modality-specific predictions at deci
sion level, their relative impact on model generalizability and optimal 
implementation for breast cancer survival prediction remain less thor
oughly assessed.

In this study, we systematically evaluate unimodal and multimodal 
deep learning models for overall survival prediction in breast cancer, 
utilizing a comprehensive TCGA-derived dataset that includes clinical, 
omics, and histopathology imaging data (Fig. 1). Our approach directly 
addresses the identified generalization limitations by focusing on 
enhancing modelling robustness through three key steps: (1) imple
menting a rigorous validation framework based on cross-validation and 
a fixed, held-out test set to ensure an unbiased assessment of out-of- 
sample performance; (2) performing a systematic comparison of early 
and late fusion to identify the most robust integration strategy; and (3) 
benchmarking our models against established late and intermediate 
multimodal frameworks (MCAT, PORPOISE, MGCT) under consistent 
conditions to rigorously assess generalization capabilities. Furthermore, 
we apply explainability methods to elucidate the molecular features 
driving survival predictions, aiming to confirm biologically relevant 
signals and enhance model plausibility.

2. Materials and methods

2.1. Data acquisition and preprocessing

2.1.1. Patient cohort and outcome definition
Data was obtained from TCGA, a publicly available repository of 

molecular and clinical profiles across cancer types [3]. We focused on 
breast cancer patients with matched data across multiple modalities. 
The dataset included tabular data comprising both clinical variables and 
genomic profiles (somatic single nucleotide variants (SNVs), RNA gene 
expression (RNA-seq), gene-level copy number variations (CNVs), and 
microRNA expression (miRNA)), downloaded from the UCSC XENA 
browser [11], as well as histopathology images derived from 
H&E-stained whole-slide images, downloaded from the TCGA portal. 

Further details can be found in SM1.a.
Only primary tumor samples from female patients were kept; normal 

tissue and male patient samples were excluded. The survival data for the 
cohort was established by calculating the survival months from days to 
death or to the last follow-up, and censorship was derived from vital 
status. The primary outcome was defined as a discretized survival 
endpoint, as described in [5]. To create this endpoint, the continuous 
survival time was binned into four categories based on the observed 
survival distribution.

2.1.2. Clinical data
The chosen clinical features consisted of patient-level variables 

extracted from TCGA, including demographic data (age at index, 
referring to the moment the patient was enrolled in the study; age of 
diagnosis, referring to when breast cancer was initially diagnosed; and 
race), tumor subtype (PAM50, OncoTree), and pathological features 
(stage). Preprocessing included one-hot encoding of categorical vari
ables (race, OncoTree and PAM50) and imputation of missing values for 
age at index and age at diagnosis. In 1.5 % of patients, where only one of 
these values was missing, it was imputed using the other available value 
from the same individual. The final clinical matrix contained 27 features 
from 1084 patients (Table 1).

2.1.3. Omics data
Omics data included four molecular modalities derived from TCGA: 

SNV, RNA-seq, CNVs and miRNA. Distinct filtering strategies were 
employed for each modality to maximize feature relevance while man
aging dimensionality: 

• Somatic SNV data were processed into a binary sample-by-gene 
matrix indicating the presence of mutations. A low 1 % mutation 
frequency threshold was chosen to ensure the retention of sufficient 
genetic variability for model training.

• RNA-seq data, reported in FPKM units, were transposed to a sample- 
by-gene format and restricted to genes annotated as cancer-related in 
the CGN MSigDB gene set [12,13], because initial frequency-based 

Fig. 1. Model architecture: architecture implemented for survival prediction using unimodal (single data modality) and multimodal (combined clinical, omics, and/ 
or imaging) data. Omics data include SNVs, RNA-seq, CNVs, and miRNA data. Imaging data consisted of hematoxylin and eosin–stained whole-slide images. In the 
figure, CL = clinical data, OM = omics data, IM = imaging data, MLP = multilayer perceptron, AMIL = attention-based multiple instance learning.
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filtering was insufficient for feature reduction, so a biologically 
informed approach was adopted.

• CNV data were also transposed to a sample-by-gene format and 
normalized to a range of –2 – 2, with gene-level scores aggregated 
across isoforms and filtered to remove invariant features and to only 
keep cancer-related genes according to the CGN MSigDB gene set, 
following the same logic as for RNA-seq data filtering.

• miRNA expression profiles were processed following the same 
approach and filtered to retain only miRNAs altered in at least 10 % 
of the cohort. The higher threshold was chosen to prioritize features 
with stable and reliable expression signals, by excluding transcripts 
with low detection across most samples.

After preprocessing, the final genomic datasets ranged in feature size 
from 981 to 4868 and included between 967 and 1093 patients, 
depending on the modality (Table 1).

2.1.4. Image data
Imaging data consisted of hematoxylin and eosin (H&E)–stained 

whole-slide images (WSI) from TCGA [3], annotated at image-level. 
They were processed using the CLAM pipeline [14] for automated tis
sue segmentation followed by 512 × 512 patch extraction. Each 
extracted patch was encoded into a 1024-dimensional feature vector 
using pretrained deep neural networks. Further details can be found in 
SM2. The final dataset included slides from 872 patients (Table 1).

2.1.5. Data integration, splitting and cross-validation strategy
Integrated datasets, varying from 666 to 861 patients, were gener

ated (Table 1). Their sizes varied based on the number of samples 
available across the merged modalities; not every patient has informa
tion available for all considered data modalities.

To ensure consistent model evaluation and comparability across 
experiments, we defined a fixed test set comprising 175 patients, cor
responding to 20 % of the smallest unimodal dataset. This test set was 
held out for final performance assessment and was not used during 
training or hyperparameter tuning. Per modality, the remaining samples 
were partitioned into five stratified folds for cross-validation, main
taining balanced representation of outcome categories within each fold 
(Table 1). Model development and optimization were conducted 
exclusively within the training folds.

2.2. Predictive modeling framework

We implemented supervised models to predict overall survival based 
on unimodal and multimodal data inputs, as illustrated in Fig. 1. A 
robust framework was established for model optimization, training and 
evaluation. The central goal was to minimize a discretized survival log- 

likelihood function based on the PORPOISE methodology [5]. The 
concordance index (C-Index) and Integrated Brier Score (IBS) were used 
as the primary evaluation metrics.

2.2.1. Survival loss function
For survival prediction, our three chosen benchmark models [4–6]

adopted a discretized survival modeling approach that accounts for both 
right-censored and uncensored cases, based on the methodology pro
posed in the PORPOISE [5] manuscript. Therefore, we followed this 
same approach and employed its loss function to ensure a fair compar
ison. The objective during training is to minimize the negative 
log-likelihood of the observed survival outcomes.

The first step involves discretization, dividing continuous survival 
times into four discrete intervals (bins), defined by the quartiles of the 
observed survival distribution. This reformulates the continuous time- 
to-event prediction problem into a sequence of conditional survival 
probability estimations, where the model predicts the likelihood of 
surviving each interval and the probability of the event (death) occur
ring within it. This process naturally accounts for right-censored pa
tients, for whom the true event times are unknown, by considering 
survival up to their last observed interval.

For each patient, the model estimates the hazard function (the con
ditional probability of experiencing the event in a given interval, 
depending on survival up to that point) and the survival function (the 
cumulative probability of not experiencing the event across all previous 
intervals). Therefore, a higher hazard probability implies a greater im
mediate risk of death and, correspondingly, a lower survival probability.

The loss function rewards different outcomes based on censorship 
status. For uncensored patients, the loss rewards high survival proba
bilities up to the interval preceding the event and high hazard proba
bilities at the correct event interval. For censored patients, however, the 
loss rewards high survival probabilities only up to the censoring interval 
without penalizing predictions beyond it due to unobserved outcomes.

The final objective function, denoted as Lsurv, minimizes the base 
likelihood term L while incorporating an additional term emphasizing 
uncensored cases, weighted by an adaptable factor β: 

Lsurv = (1 − β) × L+ β × Luncensored 

where L is defined as: 

L = − cj × log
(

fsurv

(
Yj|hbagj

))
−
(
1 − cj

)

×
[
log

(
fsurv

(
Yj − 1|hbagj

))
+ log

(
fhazard

(
Yj|hbagj

)) ]

where cj is the censoring status for patient j, Yj its assigned survival bin 
and hbag j its feature vector.

The parameter β controls the influence of uncensored samples, which 

Table 1 
Model data: Number of patients, features and dataset splits for each data source. Data sources include clinical data (CL), omics data (OM) and imaging (IM). Dataset 
splits include training (TRAIN), validation (VAL), and test (TEST) sets.

DATASET
PROCESSED DATA SPLIT SETS (PATIENTS)

PATIENTS FEATURES TRAIN VAL TEST

CL Clinical 1084 27 728 181 175

OM

Somatic SNV 967 1874 634 158 175
RNA Expression 1093 4863 735 183 175
Gene-Level CNV 1035 4868 688 172 175
miRNA Expression 1076 981 721 180 175

IM Imaging data 872 - 558 139 175

LATE INTEGRATION (L)

OM (L) 735 4 × 4 = 16 448 112 175
OM+CL (L) 726 5 × 4 = 20 441 110 175
OM+IM (L) 675 5 × 4 = 20 400 100 175
CL+IM (L) 861 2 × 4 = 8 549 137 175
OM+CL+IM (L) 666 6 × 4 = 24 393 98 175

EARLY INTEGRATION (E)
OM (E) 735 12,586 448 112 175
OM+CL (E) 726 12,613 441 110 175
OM + CL + IM (E) 666 13,636 393 98 175
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provide stronger supervision since their true event times are known. 
Increasing β increases the contribution of these cases, thereby stabilizing 
convergence and preventing the model optimization from being domi
nated by less informative censored samples in high-censoring ratio 
datasets.

2.2.2. Model architecture and optimization
Unimodal and multimodal supervised models were implemented to 

predict overall survival. Individual models from tabular data and 
multimodal models employed a shared architecture template consisting 
of fully connected feedforward neural networks. Individual image 
models, however, utilized convolutional networks and transformer ar
chitectures for feature extraction.

The specific depth, width, and training configuration were adapted 
for each scenario through hyperparameter optimization. Hyper
parameters were tuned using the Optuna framework [15] with nested 
cross-validation on the training folds (Hyperparameter ranges are 
described in SM1.b).

Model training and validation were then performed using PyTorch 
[16], following a stratified five-fold cross-validation scheme, with a 
fixed test set held out for final evaluation.

2.2.3. Unimodal models
Unimodal models were first trained independently for each data 

type. Tabular data models were built using individual matrices for 
clinical variables, SNVs, RNA-seq, CNV, and miRNA. These models 
shared a common architecture template, based on fully connected 
feedforward neural networks. For histopathology images, an attention- 
based multiple instance learning (MIL) approach was used to predict 
survival using the WSIs. The MIL framework included a feature extractor 
where two encoders were tested: ResNet-50 general-purpose model 
[17], and UNI pathology foundation model [18]; then, an attention 
mechanism for slide-level aggregation; and finally, a fully connected 
layer to predict survival categories.

2.2.4. Multimodal models
Integrative models were constructed to combine information across 

modalities. For omics-only integration (OM), two strategies were 
employed. Early integration involved concatenating feature matrices 
from the four omics types into a single input vector for model training. 
Conversely, late integration used the optimized unimodal models to 
generate output logits (unnormalized scores from the last model layer), 
which were concatenated and passed to a secondary fusion network. 
Both approaches were also evaluated across different data combinations 
to incorporate clinical (CL) and imaging (IM) data (e.g., omics plus 
clinical, omics plus imaging features, or full integration). Input dimen
sionality varied across configurations, and model capacity was scaled 
accordingly during optimization.

2.2.5. Benchmark models
For comparative analysis, we replicated three well-established 

multimodal deep learning approaches that integrate clinical, omics 
and imaging data: MCAT, PORPOISE, and MGCT. These were chosen for 
their relevance in the field of multiomics integration for survival pre
diction. For each model we used parameter values proposed by their 
authors or default settings when unavailable. To ensure a fair compar
ison, all these models were trained and validated using the same TCGA 
dataset, fixed test set, and cross-validation strategy as our models.

PORPOISE is a late-fusion multimodal deep learning framework 
which integrates whole-slide images (WSIs) of histopathology with 
multi-omics data, such as mutation status (SNV), copy-number variation 
(CNV) and RNA expression profiles, to predict patient survival. The 
histopathology branch employs a multiple instance learning pipeline 
with an attention mechanism (AMIL) based on CLAM to extract and 
aggregate patch-level features extracted by a pre-trained ResNet-50 into 
a slide-level representation. The omics branch processes each molecular 

modality through a self-normalizing neural network (SNN) to generate 
compact feature representations. These image- and omics-level embed
dings are then combined via a Kronecker product, based fusion layer, 
which enables the joint modelling of cross-modal interactions between 
molecular and morphological patterns.

MGCT uses a similar multimodal pipeline as PORPOISE, based on the 
same CLAM-based workflow for histopathology images and a self- 
normalizing network (SNN) for multi-omics features. However, the 
main distinction lies in its biological prior and fusion strategy (inter
mediate). Gene expression features are grouped into six functional cat
egories to reflect pathway-level organization. Additionally, the model 
introduces an intermediate, mutual-guided cross-modality attention 
mechanism that enables bidirectional information exchange between 
histology and omics representations. This design enables each modality 
to guide the feature learning of the other, resulting in more coherent and 
biologically aligned multimodal representations.

MCAT processes each modality similarly to MGCT but integrates 
them via an intermediate genomic-guided co-attention mechanism. In 
this transformer-based approach, genomic embeddings act as queries 
and histopathology (WSI) embeddings act as both keys and values. This 
allows the model to generate genomic-guided visual representations. 
Ideally, this fusion strategy enables pathology features to be modulated 
by genomic context, improving alignment between molecular and 
morphological information.

2.2.6. Model evaluation metrics
Model performance was evaluated using two distinct metrics: the 

concordance index (C-Index) for discrimination and the Integrated Brier 
Score (IBS) for calibration. All metrics were computed as five indepen
dent values generated by the 5-fold cross-validation scheme (one value 
per fold).

The C-Index, a measure of the model’s ranking accuracy, was 
computed for training, validation and test sets. To apply this metric to 
our multi-category output, a single scalar risk score (η) was calculated 
per patient using the negative of the estimated Restricted Mean Survival 
Time (RMST): 

η = −
∑4

i=1
P(Survival > ti)

This scalar risk score was then used as input in the standard time- 
dependent C-Index formulation provided by the scikit-survival’s con
cordance_index_censored function [20], along with the real survival 
times and event information.

The IBS, a measure of prediction error and calibration, was calcu
lated solely for the fixed test set using the IBS function from the Surv
Metric R package [21]. For the calculation, the full matrix of predicted 
survival probabilities, the observed survival times and the discretization 
time thresholds were employed, providing a continuous metric of pre
diction accuracy over the full observation period.

For each performance metric (C-Index and IBS), the final results are 
reported as the mean and standard deviation (SD) of the five values 
obtained from the cross-validation folds. The SD was normalized by N-1 
as recommended to obtain the sample SD (rather than the population 
SD). Finally, to facilitate the assessment of model performance distri
bution, violin plots were generated for all key metrics.

2.3. Model explainability and biological analysis

To interpret model behavior and assess the prognostic relevance of 
molecular features, we applied SHAP (SHapley Additive exPlanations) 
to the late integration models and to unimodal models trained on RNA- 
seq and miRNA data, using the DeepExplainer from the SHAP Python 
package [19]. SHAP values were used to quantify the contribution of 
each input feature to survival predictions. Unimodal features were 
ranked by their average absolute SHAP value, and the 10 top-ranked 
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genes and miRNAs were selected.
For each modality, we assigned a label to each top feature per 

sample, classifying its expression as overexpressed (>Q75), under- 
expressed (<Q25) or normal (>Q25, <Q75). Next, for each modality 
and sample, we calculated the total count of features classified as 
overexpressed or under-expressed among the selected top-ranked fea
tures. Based on the relative prevalence of these over- and under- 
expressed features, patients were stratified into three groups: predomi
nantly overexpressed, predominantly under-expressed, and balanced 
profiles. Kaplan–Meier survival analysis and Cox proportional hazards 
regression were then performed on these groups using the survival R 
library [22], to evaluate the prognostic significance of aggregated 
expression patterns. This analysis enabled us to assess whether features 
identified as important by the models were also associated with 
survival-relevant stratification in the patient cohort.

In addition, we performed an enrichment analysis on the top features 
using the ClusterProfiler R library [23] to discover which terms from 
gene (GO), pathways (KEGG) and disease ontologies (HPO, HDO, NCG, 
DisGeNet) were significantly associated with our top genes and miRNA. 
To find miRNA-related terms, we first identified their target genes and 
performed enrichment analysis on those. This analysis allowed us to 
evaluate the biological relevance and functional implications of our 
models’ top features.

Further details regarding the explainability analysis pipeline can be 
found in SM2.

3. Results

3.1. Overall survival distribution

The Overall Survival (OS) distribution for the patient cohort is rep
resented using the Kaplan-Meier curves in Fig. 2. This figure includes 
separate survival curves for the full cohort and the held-out test set. The 

cohort was drawn from the TCGA initiative, including female breast 
cancer patients. Overall survival time and censorship status were ob
tained from this same source for model training and evaluation.

The median survival time was 27 months for the full cohort and 29 
months for the test set. The overall event rate (proportion of death 
events) was 13.83 % in the full cohort and 12 % in the test set. The close 
alignment between the survival curves of the two groups confirms that 
the test set is statistically representative of the overall population, which 
is vital for ensuring an unbiased assessment of model generalization.

3.2. Model optimization

Extensive hyperparameter optimization was performed to ensure fair 
and effective comparisons across data types and integration strategies. 
The process revealed distinct architectural preferences depending on the 
input modality and fusion strategy, as summarized in Table 2.

Unimodal models generally favored deeper architectures, with 
optimal depths ranging from one to seven layers. The gene-level CNV 
model selected the deepest network (seven layers), while the miRNA 
model was optimized with a single-layer configuration. Among inte
grative models, no single consistent depth preference emerged. Early 
fusion models for tabular data (omics-only, omics+clinical) favored 
deeper architectures with five layers, whereas the corresponding late 
fusion models performed best with shallow configurations of a single 
layer. In contrast, the early and late integration models including all 
modalities (omics+clinical+imaging) were optimized with a 2-layer 
configuration while the other late integration models including imag
ing data (omics+imaging, clinical+imaging) favor deeper architectures.

Across models, hidden layers were typically wide (selecting over 100 
neurons per layer), though some models favored narrower configura
tions. Learning rates spanned a broad range from 1e-5–1e-2 without a 
clear pattern tied to modality. A batch size of 64 was selected for most 
models. No consistent preference was observed for any specific 

Fig. 2. Overall survival distribution: Kaplan-Meier curves representing the overall survival for (A) the entire study cohort and (B) the held-out test set.
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optimizer (Adam, SGD, SGD with momentum, and RMSprop were all 
represented). The β parameter used to weigh the loss component was 
consistently set to 0.5 in all optimal models.

3.3. Model performance

The performance of all models was evaluated using the C-Index 
(discrimination) and the IBS (calibration). Results are presented as the 
mean ± Standard Deviation (SD) of the 5-fold cross-validation runs 
(Table 3) with statistical significance assessed via the visual comparison 
of metric distributions using violin plots (Fig. 3). We first examined 
unimodal performance across all input types and then assessed the effect 
of integrating multiple data modalities. Finally, we compared our 
models to established multimodal benchmarks under consistent evalu
ation conditions.

3.3.1. Discrimination power
Two feature extractors were evaluated in the MIL framework to 

predict survival using imaging data alone (Details on the feature ex
tractors can be found in SM3). The general-purpose encoder produced 
the best test results (0.649 ± 0.034) and was thus chosen for integration.

Evaluation of unimodal models revealed high variability in perfor
mance and stability, with training mean C-indices ranging from 0.557 to 
0.739, and testing mean C-indices between 0.485 and 0.697 (Table 3). 

The model based on SNVs, despite showing the highest training score 
(0.739 ± 0.178), also demonstrated the largest performance reduction 
upon testing (0.485 ± 0.085), suggesting significant overfitting. 
Conversely, the clinical data model maintained a stable performance 
with the best testing score (train: 0.730 ± 0.043; test: 0.697 ± 0.051), 
followed closely by the miRNA model (test: 0.668 ± 0.028). Models 
based on RNA-seq, miRNA, and imaging showed a more consistent out- 
of-sample generalization compared to the more volatile SNV and CNV 
models.

The integration strategy had a marked effect on generalization and 
stability. As displayed in Table 3 and visually confirmed by the violin 
plot (Fig. 3-A), late integration models consistently and significantly 
outperformed their early integration counterparts.

Among the late integration approaches, the omics+clinical model 
achieved the highest testing score (0.740 ± 0.002), slightly exceeding 
the full OM+CL+IM model (0.705 ± 0.009). The OM+CL model 
demonstrated the highest statistical stability, reflected by its narrowest 
distribution in the violin plot, not overlapping with any other model 
tested. The OM-only and OM+CL+IM late models followed, showing 
similarly low variability.

In contrast, early integration models yielded lower overall C-index 
averages, and their distributions were significantly wider. This pattern 
of poor performance and high variability across all early integration 
results confirms the methodological superiority, in terms of 

Table 2 
Optuna hyperparameters: optimized hyperparameters across model architectures. In the figure, CL = clinical data, OM = omics data, IM = imaging data, NL = number 
of layers, NN = number of neurons per layer, LR = learning rate, BS = batch size, OPT = optimizer, β = loss function weighting factor.

SUBSET MODEL NL NN LR BS OPT β

CL Clinical 3 140, 168, 144 3.36e− 3 16 Adam 0.5

OM

SNV 6 248, 156, 92, 
120, 236, 224

1.28e− 2 64 SGD-M 0.5

RNA-seq 6 164, 224, 120, 
256, 112, 136

7.48e− 4 16 Adam 0.5

CNV 7
228, 132, 248, 256, 
56, 228, 68 8.32e− 2 32 SGD-M 0.5

miRNA 1 152 2.09e− 3 16 SGD 0.5

LATE INTEGRATION (L)

OM (L) 1 100 4.45e− 2 64 SGD-M 0.5
OM+CL (L) 1 244 1.27e− 2 64 SGD 0.5

OM+IM (L) 7 176, 200, 120, 80, 
108, 76, 48

7.24e− 4 64 RMSprop 0.5

CL+IM (L) 5 116, 244, 72, 108, 184 1.36e− 3 64 RMSprop 0.5
OM+CL+IM (L) 2 208, 44 8.36e− 2 64 SGD-M 0.5

EARLY INTEGRATION (E)
OM (E) 5 128, 20, 132, 120, 120 1.31e− 2 64 SGD 0.5
OM+CL (E) 5 20, 244, 120, 160, 180 7.88e− 5 64 Adam 0.5
OM+CL+IM (E) 2 128, 216 4.91e− 5 64 RMSprop 0.5

Table 3 
Model performance: survival prediction performance (C-Indexes & IBS) across data modalities and integration approaches for training (Train), validation (Val) and 
testing (Test). State of the art published metrics are given as reference (Ref). In the figure, CL = clinical data, OM = omics data, IM = imaging data., IBS=Integrated 
Brier Score, AVG=Average, SD=Standard Deviation.

SUBSET MODEL
C-Index 
(Ref)

C-Index (Train) AVG ± SD C-Index (Val) AVG ± SD C-Index (Test) AVG ± SD
IBS (Test) 
AVG ± SD

SOA
MCAT 0.580 0.952 ± 0.009 0.557 ± 0.098 0.658 ± 0.051 0.398 ± 0.068
PORPOISE 0.628 0.961 ± 0.010 0.528 ± 0.131 0.546 ± 0.014 0.290 ± 0.052
MGCT 0.608 0.949 ± 0.041 0.473 ± 0.110 0.552 ± 0.016 0.571 ± 0.095

CL Clinical N/A 0.730 ± 0.043 0.716 ± 0.094 0.697 ± 0.051 0.220 ± 0.020

OM

SNV N/A 0.739 ± 0.178 0.538 ± 0.067 0.485 ± 0.085 0.243 ± 0.016
RNA-seq N/A 0.627 ± 0.087 0.603 ± 0.066 0.642 ± 0.029 0.223 ± 0.020
CNV N/A 0.557 ± 0.114 0.516 ± 0.103 0.49 ± 0.031 0.223 ± 0.028
miRNA N/A 0.645 ± 0.054 0.577 ± 0.038 0.668 ± 0.028 0.271 ± 0.065

IM Imaging data N/A 0.628 ± 0.026 0.558 ± 0.131 0.546 ± 0.014 0.300 ± 0.047

LATE INTEGRATION (L)

OM (L) N/A 0.588 ± 0.046 0.628 ± 0.084 0.610 ± 0.007 0.205 ± 0.032
OM+CL (L) N/A 0.726 ± 0.021 0.727 ± 0.073 0.740 ± 0.002 0.218 ± 0.023
OM+IM (L) N/A 0.611 ± 0.038 0.640 ± 0.058 0.605 ± 0.018 0.206 ± 0.028
CL+IM (L) N/A 0.733 ± 0.032 0.744 ± 0.058 0.617 ± 0.046 0.224 ± 0.038
OM+CL+IM (L) N/A 0.747 ± 0.011 0.749 ± 0.051 0.705 ± 0.009 0.227 ± 0.044

EARLY INTEGRATION (E)
OM (E) N/A 0.565 ± 0.057 0.487 ± 0.078 0.557 ± 0.047 0.230 ± 0.013
OM+CL (E) N/A 0.709 ± 0.112 0.566 ± 0.052 0.619 ± 0.047 0.223 ± 0.011
OM+CL+IM (E) N/A 0.663 ± 0.080 0.468 ± 0.09 0.600 ± 0.04 0.252 ± 0.065
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discriminatory power, of separating modality-specific learning before 
fusion.

Benchmarking relative to well-established multimodal approaches 
(MCAT, PORPOISE, and MGCT) revealed that all three demonstrated 
high training performance (mean C-indices > 0.936) but exhibited 
limited out-of-sample generalization with a significant decrease in 
testing performance (MCAT: 0.685 ± 0.051; PORPOISE: 0.546 ± 0.014; 
MGCT: 0.543 ± 0.012). As shown in Table 3 and Fig. 3-A, the late 
integration models developed in this study consistently outperformed all 
benchmarks. Our late integration OM+CL model showed clear superi
ority over the best benchmark (MCAT) in terms of average performance 
and stability. While MCAT held the best benchmark average, its distri
bution was the widest, indicating statistical instability. In contrast, 
PORPOISE and MGCT showed narrower, highly overlapping distribu
tions, but were significantly lower than MCAT and all our late- 
integration models. These results indicate improved out-of-sample 
generalization in the proposed late-fusion models relative to existing 
methods.

3.3.2. Calibration power
The analysis of the IBS complements the C-Index by assessing model 

precision and stability. The visual analysis of the IBS distributions 
(Fig. 3-B) shows that, in terms of calibration, there is no single superior 
structural approach, as the precision and stability of our models are too 
similar to be ranked definitively.

The benchmark models showed a significantly reduced calibration 
power in comparison with almost every optimal model trained in this 
study. The MCAT benchmark exhibited the largest mean IBS (0.398 
± 0.068) and the widest distribution of all models, indicating the least 
reliable calibration. The other benchmark models (PORPOISE, MGCT) 
were better than MCAT, but worse than all late integration, most 
unimodal and most early integration models.

Regarding our unimodal models, the clinical model exhibited the 
lowest IBS value (0.220 ± 0.020), which was slightly improved by three 
late integration models: OM (0.205 ± 0.032), OM+IM (0.206 ± 0.028) 
and OM+CL (0.218 ± 0.023). However, the distributional overlap in the 
violin plots (Fig. 3B) confirms that the gain in calibration power ach
ieved by the best models is not statistically significant over any other.

The early integration models showed varying stability. Surprisingly, 
the OM (E) and OM+CL (E) models displayed narrower distributions, 
suggesting that, while their average precision was slightly lower, simple 
feature concatenation provided an unexpected stronger calibration 
stability.

Despite the near-total overlap, the consistency of low average IBS 
scores in late integration supports their beneficial effect on predictive 
precision over other approaches.

3.4. Model explainability

To assess the interpretability and biological plausibility of our 
models, we applied SHAP to quantify feature contributions to survival 
predictions. We analyzed both multimodal and unimodal models and 
focused the subsequent assessment on the top-performing RNA-seq and 
miRNA models.

SHAP analysis on multimodal models consistently highlighted the 
clinical component as the dominant contributor (Fig. 4-A), aligning with 
its known prognostic relevance. For unimodal models, we focused on the 
top-performing models (RNA and miRNA), selecting their top 10 
highest-contributing features (shown in Figs. 4-B and 4-C, listed in SM4. 
a and SM4.b) for deeper investigation.

Survival analysis using Kaplan-Meier curves [24] revealed distinct 
patterns (Fig. 5). Samples with more under-expressed than overex
pressed genes showed better survival, while those with more overex
pressed than under-expressed miRNA also exhibited improved survival. 
This highlights an inverse relationship in their prognostic impact.

The top 10 genes from SHAP analysis, along with the target genes of 
the top 10 miRNA (listed in SM4.c), were significantly associated with 
biological processes and mechanisms relevant to breast cancer, 
including cell proliferation, metabolism and tumor plasticity, among 
others (Detailed in SM4.d, SM4.e and SM4.f). This suggests a link be
tween these features and disease development and prognosis. For 
miRNA target analysis (results shown in Fig. 6), a substantial 193 out of 
280 enriched GO terms can be associated with the disease. Additionally, 
all pathway and disease ontology enrichment analyses specifically 
highlighted breast cancer. Notably, in the Network of Cancer Genes 
(NCG) analysis, triple negative breast cancer, which represents the most 
aggressive breast cancer subtype, emerged as the most significantly 
enriched term.

3.5. Translational web platform

To maximize the accessibility of the results of this study, a functional 
web application has been developed and published. This tool is not 
intended for immediate clinical use, as the embedded model requires 
further external validation, but serves as a valuable example of the 
translational potential and utility of the implemented rigorous 

Fig. 3. Violin plots: distribution of the 5-fold performance metrics values calculated using the test set across all evaluated models: (A) C-Index and (B) IBS.
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framework to both researchers and clinicians.
The web application allows users to upload a single patient’s mul

tiomics data (including SNVs, RNA-seq expression, miRNA expression, 
CNVs and clinical data) and perform the following actions: 

• Predict a relative risk score and place it within the TCGA test cohort 
reference distribution.

• Visualize expression values for selected candidate genes and miR
NAs, compared against the TCGA test cohort distribution.

• Visualize the individual’s mutation pattern on a PCA projection 
alongside the TCGA test cohort.

• Compare the individual’s subtype and age against their distributions 
in the TCGA test cohort.

This web tool is publicly available at https://brca-model.vicomtech. 

Fig. 4. SHAP results: top SHAP features from (A) late integration models, (B) RNA model and (C) miRNA model, highlighting the top 10 features (B and C) selected 
for deep assessment.

Fig. 5. Prognostic significance of feature expression patterns: Kaplan-Meier survival curves comparing patient survival patterns of stratified groups defined based on 
the relative expression of the top 10 most relevant features from (A) RNA-seq and (B) miRNA unimodal models. In the figure: Over>Under (Predominantly over
expressed), Under>Over (Predominantly underexpressed), Balanced (Balanced expression).
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org.

4. Discussion

4.1. Stability assessment

Significant disparities were identified in the C-Index variance metrics 
(±SD) across models. For instance, the lowest C-Index variance 
(SD=0.002), associated with the OM+CL late-fusion model is ~40 times 
smaller than the largest variance (SD=0.085) associated with the 
unimodal SNV model.

These large SD differences are a direct reflection of model stability 
during training, which is heavily dependent on the structure and volume 
of the input data. Models exhibiting the largest variability (unimodal 
and early integration models) receive a large and heterogeneous array of 
raw input features. This forces the network to simultaneously process 
low-level noise and extract high-level prognostic signals, making its 
performance highly sensitive to the composition of each training fold, 
thus resulting in high SD.

Conversely, the late integration models exhibit considerably smaller 
SD values because their input consists of shorter pre-processed predic
tion vectors obtained from the unimodal models. This structural differ
ence minimizes the direct influence of raw input noise. This analysis 
reveals that the late fusion of multimodal data acts as a robust structural 
regularizer, significantly reducing performance variability. This process 
ensures the model converges to a highly similar solution regardless of 
the specific data found in each cross-validation fold, thereby improving 
the model’s robustness.

4.2. Performance hierarchy

The discrimination performance (C-Index) provides critical guidance 
for designing future multimodal architectures. The core finding of this 
study is that late fusion is the methodologically superior strategy for 
complex data fusion. This is supported by the consistent outperformance 
of the late-fusion models over their early integration counterparts across 
all modality combinations. Early fusion’s failure to match this perfor
mance is primarily attributable to the high-dimensionality challenges 
inherent when concatenating heterogeneous raw features at the input 
layer, making the training process inefficient.

The analysis also confirmed the importance of clinical data; the 
clinical unimodal model was the best in its category, and the late-fusion 

OM+CL configuration achieved the highest overall average C-Index and 
superior out-of-sample generalization. This model’s strength is based on 
its statistically significant superiority over the other models, high
lighting the non-redundant prognostic value of integrating clinical and 
omics data. Furthermore, while the IBS did not show statistically sig
nificant superiority in calibration power, the OM+CL model maintained 
an average IBS among the top three models, confirming its consistently 
reliable precision.

The optimal integration strategy relies on key advantages: late fusion 
effectively mitigates the risk of overfitting associated with high- 
dimensional feature concatenation [7,8] and enables each 
modality-specific subnetwork to learn tailored representations [7], 
which is particularly relevant when integrating omics and imaging 
modalities, where the joint feature dimensionality can easily exceed 
thousands of variables. Additionally, late fusion provides inherent 
robustness to data heterogeneity and missing values [7].

The superior performance is further supported by our rigorous 
validation methodology: the implementation of a strictly hold-out test 
set and nested cross-validation for hyperparameter tuning ensured 
robust performance estimation and minimized the risk of selection bias, 
providing a more reliable assessment of true model generalization.

Finally, the poor out-of-sample generalization of the established late 
and intermediate benchmark models (MCAT, PORPOISE, MGCT), 
exhibited by its significant performance drop from training to testing, 
justifies the need for the optimized and highly stable architectures 
developed in this study. In conclusion, the performance hierarchy of this 
study advocates for simpler frameworks that prioritize modality-specific 
learning before the final fusion step.

Our findings align with previous TCGA-wide survival modeling 
studies where late fusion consistently outperformed early fusion stra
tegies, supporting the generalizability of this design choice across 
different cancer types and multimodal configurations [7,8,25].

4.3. Biological assessment

Beyond predictive performance and generalization, we confirmed 
that the features driving our models predictions are clinically and bio
logically relevant.

Applying SHAP and survival analysis demonstrated that the top- 
ranked molecular features drive distinct survival patterns across pa
tient groups. Additionally, enrichment analysis further linked these 
features to specific aggressive molecular subtypes (i.e. triple negative 

Fig. 6. Enrichment results: top 10 miRNA target genes enrichment analysis results, including Gene Ontology – Biological Process (GO-BP), Gene Ontology – Mo
lecular Function (GO-MF), Disease Ontology Semantic and Enrichment - Human Disease Ontology (DOSE-HDO) and Network of Cancer Genes (NCG) ontologies.
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breast cancer) and key breast cancer mechanisms, such as tumor plas
ticity and cell proliferation.

For example, S100A7, one of the top 10 genes, can promote breast 
cancer growth and metastasis by fostering an immunosuppressive tumor 
microenvironment [26]. KRT5 is highly expressed in basal-like breast 
cancer, which is associated with poor prognosis. Cells expressing high 
levels of KRT5 exhibit strong cancer stem cell properties, which have 
been associated with endocrine therapy resistance [27] and poor prog
nosis [28]. Furthermore, KRT5 and KRT17 are dimeric partners and 
regulate cell signaling, also implicating KRT17 as an oncoprotein that 
correlates with shorter patient survival [29].

This interpretability layer is crucial as it transforms the model from a 
’black box’ predictor into a tool for identifying novel therapeutic and 
prognostic biomarkers.

4.4. Limitations and future work

This study provides a rigorous comparative framework with 
encouraging results, but several limitations must be acknowledged to 
contextualize our findings and guide future research. These constraints 
pertain to the architectures chosen for complex modalities, the as
sumptions underlying our survival model, and the scope of our data for 
external generalization.

4.4.1. Imaging models
Our evaluation process suggested that the integration of imaging 

data showed limited overall improvement, which we attribute to chal
lenges within the imaging models themselves. Generalization failure 
suggests potential overfitting, possibly due to site-specific biases or the 
constraints of the Attention-based Multiple Instance Learning (AMIL) 
approach in extracting survival-relevant context from small patches.

In order to address these limitations, we will evaluate different al
ternatives to fine-tune the existing encoders for the specific survival 
prediction task and investigate alternative architectures, such as graph- 
based models, which may better capture spatial context and inter-patch 
relationships within whole slide images.

4.4.2. Discretized survival approach
This study implemented a discretized survival modelling approach, 

which is unconventional in this context compared to established 
continuous-time methods. This decision was made for two key reasons: 

• Benchmarking consistency: One of our main goals was to conduct a 
fair and precise comparison against three established benchmark 
models, all of which utilize this same discrete approach.

• Information richness: We considered that obtaining four intermedi
ate metrics per individual model, rather than a single risk score, 
provides the late-integration models with significantly richer, more 
granular temporal insights from each subnetwork. This design allows 
the final models to better leverage the information learned by each 
individual modality.

Nevertheless, adapting our modelling framework to a continuous- 
time survival model is entirely feasible and represents a valuable di
rection for future work. This modification would require several key 
adjustments, including changing the loss function and the final neural 
network layer, providing continuous survival time rather than dis
cretized bin information as input, and adapting the intermediate metrics 
generated from the unimodal models to use in the late integration 
models. The main challenge would be selecting an appropriate inter
mediate metric for fusion that does not oversimplify the prognostic in
formation, which could compromise the performance of the late 
integration model.

4.4.3. Data availability and external validation
This study acknowledges the limitation of relying on a single data 

source (~1000 patients), as this may restrict the generalizability of the 
models to broader patient populations. Nevertheless, analysis of the 
current literature [30] confirms that this sample size is consistent with 
the state-of-the-art for multi-modal deep learning studies in breast 
cancer, due to the difficulty in finding large public cohorts with full 
patient overlap across all modalities of interest (omics, clinical, 
imaging).

To mitigate the challenges associated with a smaller sample size and 
ensure the robustness of our results, several specific measures were 
applied in this study: 

• We chose simpler multi-layer perceptron (MLP)-based architectures 
to ensure a better fit between model complexity and the available 
sample size, thereby reducing the risk of overfitting to noisy data.

• We favored late integration strategies to prevent the model from 
learning complex noise from all modalities at the input layer and to 
promote independent learning within each specialized network.

• We followed a rigorous validation strategy to ensure an unbiased 
estimate of out-of-sample performance.

Additionally, we recognize that external validation would substan
tially strengthen this study; however, pursuing this goal was restricted 
by critical constraints associated with alternative public datasets that 
were identified for this matter: METABRIC [31] and CPTAC [32]. 

• The METABRIC cohort was discarded due to differences in the 
quantification and technological platforms used for several data 
types, preventing a fair and consistent evaluation against our TCGA- 
trained models.

• The CPTAC initiative is a proteomic extension of the TCGA project 
and could not be considered an independent dataset for true external 
validation, as it utilizes a subset of the same patient samples.

Nonetheless, we believe that the results obtained in this study justify 
future efforts that focus on validating the findings on larger, indepen
dent datasets once available.

5. Conclusions

In this study, we investigated the potential of multimodal deep 
learning for overall survival prediction in breast cancer, leveraging a 
comprehensive dataset from TCGA that included clinical, omics, and 
histopathology imaging data. Our primary goal was a systematic com
parison of fusion strategies to determine the most robust predictive 
approach.

The results conclusively demonstrated that the late-fusion approach 
is the superior modeling strategy, achieving both the highest discrimi
natory power and structural stability. The OM+CL late fusion model 
outperformed all early fusion and established late and intermediate 
multimodal benchmark models in discriminatory power, yielding the 
best overall C-Index (0.740 ± 0.002) and a distribution that did not 
overlap with any other model, confirming its statistically significant 
superiority in discriminatory power. This result, coupled with the 
model’s significantly low standard deviation (SD=0.002), demonstrates 
a structural stability that surpasses all other models. This superiority 
validates that the late fusion strategy effectively mitigates the risk of 
overfitting and enables each modality-specific subnetwork to learn 
tailored representations [7,8].

The benefit of our work is two-fold, offering methodological guid
ance for computational researchers and delivering crucial insights for 
clinicians and researchers.

Methodologically, our study offers clear, evidence-based guidance 
on how to integrate multi-omics data in predictive models. The key 
finding is that late fusion consistently outperforms early and interme
diate fusion, demonstrating it is the most suitable structural design for 
stable deep learning models in this field. Clinically and biologically, our 
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work delivers practical information regarding prognostic feature 
importance that benefits both data collection and molecular assessment; 
it helped identify key genes and pathways strongly associated with 
breast cancer mechanisms and aggressive subtypes. This explainable 
layer could help clinicians and researchers prioritize the most influential 
molecular features in future studies.

In conclusion, our findings highlight the value of carefully designing 
multimodal deep learning approaches for survival prediction in breast 
cancer. By combining rigorous data preprocessing, late-fusion integra
tion strategies, and strong validation procedures, we achieved models 
that not only generalize well but also capture biologically meaningful 
patterns. These results underscore the potential of integrating diverse 
clinical, molecular, and imaging data to improve prognostic modeling in 
oncology.
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