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Abstract. High-risk non-muscle-invasive bladder cancer (HR-NMIBC) is asso-
ciated with frequent progression after Bacillus Calmette-Guérin (BCG) immuno-
therapy, making accurate risk prediction important for treatment planning and 
surveillance. Current clinical diagnosis relies on pathological phenotype for stag-
ing while molecular genotype plays an important role in BCG response. Multi-
modal learning could therefore improve prediction by integrating histopathology, 
RNA-seq, and clinical data, but it remains unclear which fusion strategy is most 
effective in limited-size clinical cohorts. In addition, RNA-seq is often unavaila-
ble in clinical practice; designing architectures that remain robust to missing-mo-
dality conditions is crucial. In this study, we systematically compared multimodal 
fusion strategies for time-to-event prediction in HR-NMIBC using 272 patients 
with complete histopathology whole-slide images, bulk RNA-seq, and clinical 
data from the CHIMERA challenge. We evaluated unimodal, bimodal, and tri-
modal Cox survival models using concatenation, gated fusion, low-rank bilinear 
fusion, and cross-attention. Multimodal fusion improved performance in most 
configurations compared with unimodal models, with the best performance 
achieved by trimodal gated fusion, with a C-index of 0.725 ± 0.083. We further 
found that modality representation affected performance and that RNA dropout 
improved robustness when RNA-seq was unavailable at inference time. These 
findings highlight the importance of fusion design for clinically realistic multi-
modal survival prediction.  
Keywords: Multimodal fusion, survival prediction, RNA missing modality. 

1 Introduction 

Cancer progression remains a persistent challenge in oncology. In high-risk non-muscle 
invasive bladder cancer (HR-NMIBC), standard treatment is repeat transurethral resec-
tion (ReTUR) followed by BCG immunotherapy, yet treatment failure occurs in ap-
proximately 40-50% of patients [1]. Accurate progression prediction is therefore clini-
cally important, guiding treatment intensification and surveillance planning.  

Modern oncology data captures disease biology at multiple levels: histopathology 
whole-slide images (WSI) reveal the tumor phenotype, bulk RNA-seq characterizes 
cancer genotype, and clinical records provide complementary information such as de-
mographics, comorbidities, family history, prior treatments and other prognostic varia-
bles. In HR-NMIBC, subtype assessment in routine clinical practice is primarily based 
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on histopathological evaluation of WSI, while RNA-seq has also shown clear clinical 
value in this setting. De Jong et al. [2] defined three BCG response subtypes using 
whole-transcriptome sequencing of HR-NMIBC tumors, including one subtype show-
ing an aggressive, immunosuppressive profile and consistently worse recurrence and 
progression outcomes across two independent cohorts. This work demonstrates that 
molecular profiling can meaningfully stratify BCG response beyond standard clinico-
pathological risk groups, motivating the integration of RNA-seq with pathology and 
clinical data for a more complete predictive model. 

Historically, most AI models in medicine have been developed for unimodal inputs. 
More recently, multimodal AI approaches that integrate heterogeneous data sources 
have gained increasing attention, reflecting the inherently multimodal nature of clinical 
decision-making across medical disciplines. A central challenge is the choice of fusion 
strategy, how information from different modalities is combined, with approaches rang-
ing from simple concatenation to gated mechanisms [3], bilinear interactions [4], and 
attention-based co-attention [5]. With the development of attention-based models [6], 
multimodal learning has increasingly moved beyond self-attention within a single mo-
dality toward cross-attention between modalities. Cross-attention enables information 
from one modality to guide the representation of another, allowing models to capture 
interactions between pathology, genomic, and clinical data at a more fine-grained level 
[5,7]. 

Despite growing interest, many multimodal studies propose a single fusion archi-
tecture without systematically comparing alternative fusion strategies, leaving it un-
clear which approach best integrates pathology, RNA-seq, and clinical data under real-
istic conditions such as limited cohort size and missing modalities. In this work, we 
compare multimodal fusion strategies for time-to-progression prediction after BCG 
treatment in HR-NMIBC, using a subset of the CHIMERA dataset. We evaluate four 
fusion strategies: concatenation, gated fusion, low-rank bilinear fusion, and SurvPGC-
style co-attention [5] across unimodal, bimodal, and trimodal settings with pathology, 
RNA-seq, and clinical data. We further assess different clinical and RNA representa-
tions and test robustness to missing RNA using modality dropout during training. 

2 Dataset 

We used a subset of the CHIMERA Task 3 data, including HR-NMIBC patients from 
Erasmus with all three modalities (WSIs, RNA-seq, clinical data). We defined our own 
5-fold cross-validation splits, stratified by event status, rather than using the official 
CHIMERA split, to enable fair comparison across unimodal, bimodal, and trimodal 
models on the same 272 patients. 
Histopathology. Each WSI is accompanied by a binary tissue mask outlining the tissue 
section, used to restrict downstream processing to tissue-containing regions. 
Transcriptomics. Bulk RNA-seq data is extracted from selected tumor regions and 
normalized using DESeq2 (19,359 genes). 
Clinical data. To avoid redundancy with information already captured by the imaging 
and transcriptomic modalities, we exclude clinical variables derived from WSI or RNA-
seq. This leaves five clinical variables: age (years), sex (M/F), smoking status (Yes/No), 
number of BCG instillations (count), and ReTUR status (yes/no). 
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Labels. The prediction target is time-to-event progression to advanced disease, defined 
by two variables: progression (binary, 1 = true, 0 = false) and time_to_prog_or_FUend 
(float, months to progression or end of follow-up). 

3 Methods 

3.1 Method Overview 

Our framework consists of three stages: modality-specific encoding, fusion, and sur-
vival prediction. Each modality (histopathology, RNA-seq, and clinical data) is first 
encoded independently into a fixed-size representation. These unimodal representations 
are then combined in a fusion block, which we systematically vary across four fusion 
strategies to compare their effect on performance. 

To assess how each modality contributes to survival prediction, both individually 
and in combination, we evaluate models in a progressive setting: unimodal models us-
ing each modality alone, bimodal models for all pairwise combinations, and trimodal 
models combining all three modalities under each of the four fusion strategies. 

In clinical practice, histopathology and clinical data are almost always available, 
while RNA-seq is frequently missing. To reflect this, we additionally train models with 
RNA-seq dropout during training, allowing us to evaluate the robustness of each fusion 
strategy to missing modalities at inference time. Figure 1 illustrates this overall pipe-
line, from modality-specific encoding through fusion to survival prediction. 

 
Fig. 1. Overview of the proposed multimodal survival prediction pipeline. 

3.2 Modality-Specific Encoders  

For each modality, we generate two types of representations depending on the fusion 
strategy: a single pooled embedding for embedding-based fusion, and a set of tokens 
for attention-based fusion. 
Histopathology. WSIs are encoded using the UNI foundation model [8], producing 
frozen tile-level embeddings (1024-dim). For embedding-based fusion, tile-level em-
beddings are aggregated into a slide-level embedding using attention-based multiple 
instance learning (AB-MIL), which learns a single attention weight per tile, computes 
a weighted average of the tile embeddings, and projects the resulting vector to a 256-
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dim pathology embedding. The AB-MIL attention and projection layers are trained end-
to-end for each experimental configuration. For attention-based fusion, the tile-level 
embeddings themselves (1024-dim) are used directly as tokens. 
Transcriptomics. For embedding-based fusion, the top 2,000 genes were selected us-
ing the coefficient of variation computed on the training split of each fold and passed 
through a trainable MLP to obtain a fixed-size RNA embedding. For attention-based 
fusion, we construct tokens using three methods: 
Hallmark pathway filtering: Genes were grouped using Hallmark pathway definitions. 
Pathways with at least 90% gene coverage were retained, and the expression values of 
genes within each retained pathway were encoded into an RNA token using a trainable 
MLP. 
Biological category filtering: Genes were grouped into six predefined biological cate-
gories: transcription factors, cytokines and growth factors, cell differentiation markers, 
protein kinases, oncogenes, and tumor suppressors. For each category, the expression 
values of genes assigned to that category were encoded into one RNA token using a 
trainable MLP. 
Foundation model embeddings: Genes were first reduced from 19,359 to 11,980 using 
Hallmark and Reactome pathway definitions [9,10] with at least 90% gene coverage 
and encoded using the pretrained scFoundation model [11], yielding four 768-dimen-
sional RNA tokens. The scFoundation embeddings were kept frozen, while the down-
stream projection layer was trained end-to-end for each experimental configuration. 
Clinical data. Clinical data is represented in both embedding-based and token-based 
forms. For embedding-based fusion, we use (i) raw clinical variables passed through an 
MLP, and (ii) sentence-based representations of each variable encoded with CONCH 
[12] and BioClinical ModernBERT [13]; the resulting text embeddings are projected to 
a shared space, concatenated, and mapped to a 128-dim clinical embedding. For token-
based fusion, each of the five clinical variables is converted into a sentence and encoded 
with CONCH, yielding five tokens per patient used directly in attention-based fusion, 
without pooling. 

3.3 Fusion Strategies 

We compare four fusion strategies for combining histopathology, RNA-seq, and clini-
cal representations. 
Concatenation fusion combines modality-specific embeddings into a single vector, 
which is passed to an MLP Cox head for risk prediction. 
Scalar-gated fusion computes an independent, patient-specific gate for each modality 
using a two-layer MLP with sigmoid activation. Each modality embedding is multiplied 
by its gate before concatenation, allowing the Cox head to adaptively emphasize or 
down-weight each input. Gates were not normalized across modalities; each modality 
was weighted independently. 
Low-rank bilinear fusion models pairwise cross-modal interactions in a compact rank 
space [4]. Each modality pair is projected into a shared 64-dimensional latent space 
(rank = 64), where interactions are computed by element-wise multiplication to form 
an interaction embedding. For trimodal models, pathology-RNA, pathology-clinical, 
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and RNA-clinical interactions are concatenated and passed to the Cox head; for bimodal 
models, only the available pair is used. 
SurvPGC-style fusion performs token-level co-attention following the general design 
of SurvPGC [5]. Pathology tile embeddings, clinical text embeddings, and RNA-seq 
tokens are projected into a shared latent space, where separate co-attention modules 
model RNA-pathology and clinical-pathology interactions. The resulting attended rep-
resentations, including RNA tokens, pathology tokens conditioned on RNA, clinical 
tokens, and pathology tokens conditioned on clinical information, are mean-pooled, 
concatenated, and passed to an MLP Cox head. 

3.4 Cox Prediction Head 

The fused patient representation was passed to an MLP-based Cox prediction head sim-
ilar to DeepSurv [14], consisting of layer normalization, AlphaDropout, and SELU ac-
tivations. A final linear layer produced a single log-risk score 𝑟!, where higher values 
indicate higher predicted risk of progression. Models were trained using the negative 
Cox proportional hazards partial log-likelihood [15]: 
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where 𝑟! is the predicted log-risk score for patient i, 𝑅! is the set of patients still at risk 
when patient i experiences progression, and 𝛿! indicates whether the progression event 
was observed. Censored patients remained in the risk sets until their last follow-up but 
did not contribute an event term because their progression time was unknown. Models 
were optimized using AdamW (learning rate 2×10"#, weight decay 1×10"$), with 
dropout regularization and gradient clipping (maximum norm = 5.0). 

3.5 Model Configurations (Unimodal, Bimodal, Trimodal) 

We evaluate unimodal, bimodal, and trimodal model configurations to assess the con-
tribution of each modality and the benefit of multimodal integration. 
Unimodal models. Unimodal models were trained separately per modality: histo-
pathology used UNI tile embeddings aggregated via AB-MIL, RNA-seq used coeffi-
cient-of-variation-filtered genes encoded by an MLP, and clinical data used either tab-
ular MLP encoding or templated text embeddings (CONCH, BioClinical Modern-
BERT). Each representation was passed to a Cox head for patient-level risk prediction. 
Bimodal models. Bimodal models used all pairwise combinations (histopathology-
RNA, histopathology-clinical, RNA-clinical), with the same unimodal encoders fused 
via concatenation, gated fusion, or low-rank bilinear fusion, then passed to the Cox 
head. This tests whether modality pairs improve prediction and which pairs are com-
plementary. 
Trimodal models. Trimodal models integrated all three modalities: embedding-based 
fusion via concatenation, gated fusion, or low-rank bilinear fusion, and token-based 
fusion via SurvPGC-style co-attention on pathology, RNA-seq, and clinical tokens. 
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4 Results 

All preprocessing was fold-independent to avoid leakage, with RNA imputation and 
feature selection statistics computed on the training fold only. Models were trained with 
AdamW (300 epochs, patience 40, batch size 64, lr 2×10⁻⁴, weight decay 1×10⁻⁵, gra-
dient clipping 5.0). For missing-modality robustness, RNA inputs were randomly 
masked during training while pathology and clinical inputs remained available. Perfor-
mance was evaluated using the concordance index (mean ± std across folds), with 
Kaplan-Meier curves for risk stratification. 

4.1 Main Comparison of Unimodal, Bimodal, and Trimodal Models 

This section considers raw tabular clinical data; clinical representation ablation is dis-
cussed in Section 4.4. As shown in Table 1, clinical data achieved the highest unimodal 
C-index, followed by RNA and pathology. Fold-level results for all configurations are 
provided in Supplementary Table S1. 

In the bimodal setting, combining modalities generally improved performance over 
unimodal models, suggesting complementary predictive information across data types. 
The strongest bimodal result combined pathology and clinical data via low-rank bilin-
ear fusion (0.698 ± 0.030). Pathology-RNA fusion showed the most modest improve-
ment among modality pairs. 

Across trimodal models, integrating all three modalities gave the best overall per-
formance, with gated fusion achieving the highest C-index among all evaluated models 
(0.725 ± 0.083). Overall, multimodal fusion improved progression prediction in most 
configurations, with gated fusion providing the strongest performance across embed-
ding-based fusion strategies. 

Table 1. C-index (mean ± std) across unimodal, bimodal, and trimodal configurations using concatenation, 
gated, and low-rank bilinear fusion, and across raw tabular, CONCH, and BioClinical ModernBERT clinical 
encoders. Pathology is encoded with UNI + AB-MIL and RNA-seq with variance-filtered genes. P = pathol-
ogy, R = RNA, C = clinical. 

 P    -  0.585±0.041  
 R    -  0.609±0.076  
Unimodal C    Raw tabular  0.647±0.052  
 C    CONCH  0.664±0.064  
 C    ModernBERT  0.704±0.051  
Configura-
tion 

Modality  Clinical en-
coder 

Concatenation Gated Low-rank 
bilinear 

  R P  - 0.631±0.082 0.628±0.085 0.580±0.078 
 C R   Raw tabular 0.672±0.074 0.676±0.071 0.564±0.042 
 C  P  Raw tabular 0.655±0.043 0.719±0.036 0.698±0.030 
Bimodal C  P  CONCH 0.624±0.021 0.623±0.067 0.593±0.041 
 C R   CONCH 0.647±0.089 0.623±0.068 0.581±0.081 
 C  P  ModernBERT 0.608±0.057 0.599±0.047 0.550±0.040 
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 C R   ModernBERT 0.638±0.075 0.640±0.082 0.639±0.085 
 C R P  Raw tabular 0.709±0.069 0.725±0.083 0.686±0.083 
Trimodal C R P  CONCH 0.641±0.042 0.671±0.086 0.594±0.068 
 C R P  ModernBERT 0.633±0.079 0.625±0.061 0.596±0.087 

 

4.2 Token-based attention fusion results 

Table 2 shows the performance of SurvPGC-style co-attention fusion with three RNA 
tokenization strategies. Biological category tokens performed best among token-based 
models (0.634 ± 0.050), followed by scFoundation embeddings and Hallmark pathway 
tokens. 

Table 2. Token-based trimodal results using SurvPGC-style co-attention with UNI pathology tokens, 
CONCH clinical tokens, and three RNA tokenization strategies. Values are C-index mean ± std. 

RNA Tokeniza-
tion 

Hallmark pathway Biological category scFoundation 

C-index 0.611±0.036 0.634±0.050 0.627±0.032 
 
4.3 Missing RNA robustness 

Since RNA-seq is not available in clinical practice, we evaluate robustness to missing 
RNA using dropout during training (probabilities 0.30 and 0.50). During training, 
RNA-seq was randomly masked for a subset of samples, while histopathology and clin-
ical inputs remained available. The masking was implemented according to the fusion 
strategy: RNA embeddings were set to zero for concatenation and gated fusion, RNA-
related interaction terms were removed for low-rank bilinear fusion, and RNA tokens 
were masked for SurvPGC-style co-attention. This exposed the models to both com-
plete and RNA-missing inputs, encouraging them to rely less on RNA-seq and enabling 
inference using only histopathology and clinical data.  

Table 3 reports C-index under complete-RNA and missing-RNA inference. Fold-
level results are provided in Supplementary Table S2. Across fusion strategies, degra-
dation after masking RNA was generally small, with several configurations showing 
no decrease or slightly higher performance under missing-RNA inference, such as low-
rank bilinear fusion at 0.30 dropout (drop = -0.018). Among embedding-based models, 
low-rank bilinear fusion with 0.30 dropout achieved the highest missing-RNA perfor-
mance (0.720 ± 0.036). Notably, SurvPGC-style models trained with RNA dropout 
achieved higher C-index values than their non-dropout counterparts in Table 2. 

Table 3. RNA missing-modality robustness: C-index (mean ± std) under complete and missing RNA at in-
ference, by training dropout rate. 

Fusion Method Dropout Complete RNA Missing RNA Δ C-index 
Concatenation 0.30 0.708±0.061 0.708±0.031  0.000 
 0.50 0.728±0.030 0.706±0.052  0.023 
Gated 0.30 0.710±0.083 0.695±0.058  0.014 
 0.50 0.672±0.066 0.679±0.053 -0.007 
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Low-rank bilinear 0.30 0.701±0.097 0.720±0.036 -0.018 
 0.50 0.714±0.059 0.705±0.056  0.009 
Surv_pathway 0.30 0.667±0.036 0.659±0.032  0.008 
 0.50 0.668±0.050 0.652±0.036  0.016 
Surv_biocategory 0.30 0.682±0.067 0.671±0.056  0.011 
 0.50 0.692±0.049 0.663±0.034  0.029 
Surv_scf 0.30 0.680±0.023 0.694±0.047 -0.014 
 0.50 0.672±0.057 0.705±0.035 -0.033 

 
4.4 Effect of clinical representation on fusion performance 

Table 1 compares raw tabular data, CONCH, and BioClinical ModernBERT embed-
dings as clinical encoders. In the clinical-only setting, BioClinical ModernBERT 
achieved the highest unimodal C-index, followed by CONCH and raw tabular features. 
In multimodal fusion, however, raw tabular features consistently performed better, 
achieving the highest trimodal C-index across almost all fusion strategies compared to 
CONCH and BioClinical ModernBERT. Within each encoder, multimodal integration 
consistently improved performance for raw tabular features, whereas CONCH showed 
only limited benefit, with only one trimodal configuration outperforming the corre-
sponding clinical-only model. In contrast, BioClinical ModernBERT consistently per-
formed worse in both bimodal and trimodal settings than the corresponding clinical-
only model. 

4.5 Risk stratification analysis 

Kaplan-Meier analysis was performed using pooled out-of-fold risk scores. Patients 
were stratified into high- and low-risk groups using the median predicted risk score. 
Figure 2 compares the Kaplan-Meier curves of the unimodal models with the best-per-
forming trimodal gated fusion model. The trimodal gated fusion model showed the 
clearest separation between the high- and low-risk groups, followed by the clinical-only 
model. The pathology-only model showed weaker but still statistically significant sep-
aration, while the RNA-only model showed the weakest statistical separation despite a 
comparatively higher C-index. 

 
Fig. 2. Kaplan-Meier survival curves for the best-performing trimodal gated fusion model and 
the best-performing unimodal model per modality, stratified by the median pooled out-of-fold 
predicted risk score. The table reports risk group sizes, log-rank p-values, and C-index. Num-
bers at risk are provided in Supplementary Table S3. 
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5 Discussion and Conclusion 

Multimodal fusion improved recurrence prediction in most configurations, indicating 
that pathology, RNA-seq, and clinical data carry complementary information. Gated 
fusion's advantage likely comes from letting the model weight each modality's contri-
bution rather than treating all inputs equally, as concatenation does. Low-rank bilinear 
fusion's inconsistency across modality pairs suggests interaction-based fusion is more 
sensitive to noise, representation quality, and sample size than simpler embedding-
based approaches, an important consideration in a cohort of this size. 

Token-based co-attention underperforming embedding-based fusion likely reflects 
that learning stable cross-modal token interactions requires more data than was availa-
ble. RNA dropout did improve these models' performance over non-dropout counter-
parts, which may suggest a regularizing effect beyond its missing-modality role. 

Performance degradation after masking RNA at inference was generally small, and 
in some configurations, missing-RNA C-index slightly exceeded complete-RNA C-in-
dex. We do not interpret this as evidence that removing RNA improves prediction: 
given the small cohort, fold-level variability, and absence of a paired significance test, 
these differences may reflect noise or altered regularization dynamics from RNA mask-
ing during training. Rather, the results show that RNA-dropout training preserves per-
formance when RNA is missing, not that missing RNA is advantageous. 

The clinical representation results suggest text-derived embeddings suit clinical-
only prediction but may introduce noise or redundancy when combined with high-di-
mensional pathology and RNA features in a limited cohort, favoring simpler tabular 
representations for fusion.  

This study has several limitations: cohort size may affect estimate stability and dis-
advantage attention-based models; formal statistical testing across configurations was 
not performed, so small C-index differences should be read cautiously; the clinical fea-
ture set was limited; no external cohort was used for validation; and UNI, while effec-
tive, is not the most recent pathology foundation model. 

In conclusion, fusion strategy, clinical representation, and missing-modality train-
ing substantially affect multimodal survival prediction in HR-NMIBC. Gated embed-
ding-based fusion performed best overall, and RNA-dropout training improved robust-
ness to missing RNA, supporting its use in clinically realistic settings. Future work 
should explore larger cohorts, external validation, newer pathology encoders, and more 
data-efficient attention-based fusion. 
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