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Abstract

Background Glioblastoma Multiforme (GBM) is a highly aggressive glioma dif-
ficult to stratify prognostically. Whole-slide histopathology images (WSIs) and
RNA-seq profiles capture complementary phenotypic and molecular characteris-
tics, yet their individual and combined value for GBM-specific survival prediction
remains insufficiently characterized. Despite the promise of recent pathology
foundation models to provide richer and more transferable image representa-
tions, their added prognostic value in GBM, either alone or in combination with
transcriptomic data, has not yet been established. To address these gaps, this
study evaluated deep survival models based on WSIs, RNA-seq data, and their
integration for overall survival prediction in the TCGA-GBM cohort. WSI rep-
resentations were derived by means of a general-domain ImageNet-pretrained
ResNet50 as a baseline, and five recent histopathology-specific foundation-model



configurations. To disentangle modality effects from differences in sample size,
models were evaluated in both full and size-matched cohorts.

Results Under size-matched conditions, multimodal integration consistently
improved performance over WSI-only modelling across all six WSI encoders,
despite the use of state-of-the-art pathology foundation models. Multimodal
models achieved median C-indexes of 0.614-0.698, with a significant overall effect
of modality. The CONCH-v1.5-based multimodal model achieved the highest
median C-index of 0.698. RNA-seq provided the strongest prognostic signal, with
held-out median C-indexes of 0.629 and 0.632 under full-budget and size-matched
training, respectively. WSI-only models achieved median C-indexes of 0.543—
0.587 under full-budget training and 0.512-0.549 under size-matched training. In
this limited-size cohort and frozen-weight setting, WSI encoder choice did not
significantly affect full-budget unimodal performance, and pathology foundation
models did not systematically outperform the ResNet50 baseline. Overall, results
suggest a positive but unconfirmed trend towards additional prognostic value in
GBM from integrating histopathological and transcriptomic features.
Conclusions In this limited-size, frozen-encoder setting, integrating WSI and
RNA-seq improved performance over WSI-only modelling across all encoders.
The CONCH-v1.5-based multimodal model achieved the highest overall perfor-
mance, while multimodal integration showed a positive but unconfirmed trend
over RN A-seq alone. Pathology foundation models did not provide a consistent
prognostic advantage over the ImageNet-pretrained ResNet50 baseline. Larger
independent cohorts are needed to confirm the incremental value of multimodal
integration.

Keywords: Artificial Intelligence, Glioblastoma, Survival Analysis, Multimodal,
Digital Pathology, Foundation Models, Transcriptomics

1 Background

Glioblastoma (GBM) is the most aggressive and common adult diffuse glioma, a
malignant primary tumor of the brain and central nervous system [1-3]. Despite
advancements in treatments and in the biological understanding of the disease, its
prognosis remains poor with a median survival of less than 15 months [1-6]. This
reflects the infiltrative growth pattern, treatment resistance, and marked biological
heterogeneity of GBM. Accurate survival prediction is therefore essential to sup-
port patient stratification, guide treatment planning, and inform follow-up strategies.
However, due to its complex pathogenesis involving genetic, epigenetic, transcrip-
tomic, histopathological, and microenvironmental alterations [4], prediction of survival
remains challenging [7]. This complexity highlights the need to assess which data
modalities best capture clinically meaningful prognostic information in GBM.
Diffuse gliomas have historically been classified and graded primarily on the basis
of phenotypic characteristics observed on histopathological specimens, such as nuclear
atypia, mitotic activity, necrosis, and microvascular proliferation [4, 8]. Recent WHO
classifications have integrated molecular biomarkers into diagnostic criteria, recogniz-
ing genomic and molecular characterization as an essential modality that complements



traditional histopathology for the diagnosis, classification, and prognostic assessment
of gliomas. This shift reflects a broader recognition that GBM prognosis cannot be fully
understood from morphology alone, but requires integrating phenotypic and molecular
information.

At the molecular level, GBM has been extensively characterized through bulk
gene-expression profiling, single-cell analyses, and spatially informed studies, which
identified clinically relevant transcriptional subtypes associated with distinct survival
outcomes [8-10]. These findings validate the inter- and intra-tumor heterogeneity
characterizing glioblastoma [2, 4, 11]. Recent transcriptomic analyses have further
highlighted tumor microenvironment remodelling and transcriptional plasticity as key
features of GBM heterogeneity, progression and treatment resistance [4, 6]. These
findings support RNA-seq as a prognostically informative modality, capable of identi-
fying differentially regulated genes and molecular programmes associated with survival
[12, 13]. Several studies have therefore used gene-expression data for survival predic-
tion using Cox-based models, penalized regression, pathway-guided neural networks,
and deep survival architectures [14-16]. Nevertheless, RN A-seq is not always routinely
available in clinical practice. This motivates interest in using routinely acquired and
more easily accessible histopathological slides, which remain a fundamental source of
information for characterizing GBM and cancer more broadly.

In pathology, Artificial Intelligence (AI) has improved the precision and through-
put of histopathological image analysis, mitigating inter-observer variability and
alleviating pathologist workloads through automated tumor detection and grading.
Advancements in computer vision have enabled the analysis of gigapixel, multi-scale
whole-slide images (WSIs) and the extraction of high-dimensional features from tis-
sue morphology [17, 18]. WSIs represent high-resolution digital representations of
the tumor and its surrounding microenvironment and encode morphological patterns
reflecting underlying biological processes such as tumor aggressiveness, invasion, treat-
ment resistance, and disease progression. Consequently, WSIs can provide information
that goes beyond grading, supporting the stratification of patients according to sur-
vival risk. Studies across multiple cancer types have shown that WSI-based models can
predict survival, supporting the hypothesis that tissue architecture encodes clinically
meaningful prognostic signals [19-22]. In brain tumors, several studies have combined
convolutional neural network (CNN)-derived histology representations with genomic
or clinical variables, showing that tissue morphology contains prognostic information
and can contribute to patient risk stratification [20-26].

More recently, the integration of transformer architectures and self-supervised
learning has established the era of foundation models in cancer research [17, 27].
Pre-trained on massive, possibly multi-modal datasets, these models learn robust
and generalizable visual representations that can be adapted to specific downstream
tasks, often with minimal labelled data. Digital pathology foundation models, trained
on extensive collections of histological images, have emerged as a promising alter-
native to conventional general-purpose feature extractors based on CNNs [28-31].
Being trained directly on pathology data, these models are expected to encode
tissue morphology more effectively than encoders trained on natural images, poten-
tially improving performance when labelled biomedical datasets are limited. However,



whether pathology-specific foundation models provide more prognostically informa-
tive representations than conventional ImageNet-pretrained CNNs for GBM survival
prediction remains unclear.

While improved WSI encoders may enhance morphology-based prediction,
histopathology captures only one layer of GBM biology. This has motivated increas-
ing interest in multimodal models that integrate tissue morphology with molecular
profiles. Because WSIs and RNA-seq capture different and potentially complementary
views of the tumor, their integration may improve prognostic modelling by combin-
ing non-redundant biological information. Large-scale resources such as The Cancer
Genome Atlas Glioblastoma cohort [32, 33] have created new opportunities to model
GBM prognosis, providing matched histopathological and transcriptomic data and
enabling systematic evaluation of predictive models.

Prior studies in glioma have suggested that integrating WSI-derived morphology
with RNA-seq profiles can improve prognostic modelling [34-36]. However, much of
this literature has relied on mixed TCGA-GBMLGG cohorts that include both lower-
grade gliomas (LGG) and glioblastomas (GBM). These glioma subtypes have markedly
different survival distributions, strongly influenced by grade, IDH status, and histologi-
cal subtype. High predictive performance in this setting may therefore partly reflect the
ability to differentiate lower-grade glioma from glioblastoma, rather than the ability
to stratify survival within GBM itself. Thus, the prognostic value of histopathological,
transcriptomic, and multimodal representations remains insufficiently characterized in
GBM-specific cohorts.

GBM-specific multimodal studies integrating histopathology and transcriptomics
remain limited. Moreover, its multimodal models incorporate demographic variables,
whereas the present study focuses specifically on tumor-derived histopathological and
transcriptomic information.

This study develops and evaluates deep survival models for overall survival predic-
tion in patients with glioblastoma using WSIs and RNA-seq gene-expression profiles
from the TCGA-GBM cohort. It addresses three research questions. First, it eval-
uates whether in the current experimental setup, WSI representations derived by
means of pathology foundation models provide stronger prognostic information than
embeddings derived from a conventional ImageNet-pretrained ResNet-50 baseline. Sec-
ond, it assesses whether integrating RN A-seq features with WSI-based representations
improves prognostic performance compared with WSI-only modelling under matched
training conditions. Third, it compares histopathological, transcriptomic, and multi-
modal representations to determine which modelling strategy provides the strongest
prognostic signal for GBM survival prediction, both overall and when controlling for
differences in training-set size. To separate the effect of data modality from cohort
size, models are evaluated under two experimental settings: a full-budget configura-
tion setting, in which for each modality all available training patients are considered,
and a controlled size-matched modality setting, in which WSI-only, RNA-seq-only,
and multimodal models are trained on the same multimodal matched subset. Overall,
this study provides a GBM-specific exploratory, controlled comparison of the prog-
nostic value of transcriptomic, histopathological, and their integration under different



data-availability conditions, informing the development of future survival prediction
pipelines for glioblastoma in larger and more clinically diverse cohorts.

2 Methods

This study was a retrospective observational secondary analysis of publicly available
TCGA-GBM data, conducted for prognostic model development and validation.

2.1 Dataset and cohort selection

Table 1 Cohort characteristics by data modality.

WSI RNA-seq WSI + RNA
Patients, n 356 137 80
Events, n (%) 301 (84.55%) 104 (75.9%) 64 (80.0%)
Censored, n (%) 55 (15.45%) 33 (24.1%) 16 (20.0%)
Age, median [IQR] 59 [50, 68] 61.5 [52, 70.25] 60 [50.75, 69]
Sex, n (%)
Male 220 (61.8%) 87 (63.5%) 55 (68.8%)
Female 136 (38.2%) 50 (36.5%) 25 (31.3%)

OS time, median [IQR] 360 [185.5, 625.25] 331 [147.5, 532.75] 320 [173, 499.5]

Note: modality columns are not mutually exclusive.

This study used data from the public, multi-center Glioblastoma (GBM) cohort
[32] of the Cancer Genome Atlas (TCGA). Data included histopathological hema-
toxylin and eosin (H&E)-stained diagnostic Whole-Slide Images (WSI), bulk RN A-seq
gene expression profiles, and clinical survival information. The clinical endpoint was
overall survival (OS), defined as time in days from diagnosis to death or last follow-up.
Event status was encoded as 1 for deceased patients and 0 for right-censored patients,
including patients alive or lost to follow-up. Diagnostic WSI images, normalised bulk
RNA-seq gene expression profiles and survival information were retrieved from the
NCI Genomics Data Common (GDC) [33].

Starting from 573 patients with available follow-up information, patients were
excluded if they had: (i) missing or invalid OS and event-status information, (ii) miss-
ing or invalid clinical metadata, (iii) no available WSI or RNA-seq data or (iv) a
histological classification other than primary untreated/de novo GBM. After these
exclusions, 439 patients with valid clinical and survival data and at least one modal-
ity among WSI and RNA-seq were retained. No explicit outlier-detection procedure
was applied beyond the exclusion of invalid survival records and non-eligible clinical
or histological cases.

To ensure independent evaluation, a centre-based held-out test set was constructed
by reserving all patients from Tissue Source Sites (TSSs) 27 and 41 having both
modalities for final testing. These held-out centers included 26 patients and 42 WSIs.
Final evaluation was restricted to the multimodal subset, comprising 17 patients with



both WSI and RNA-seq data and 27 WSIs, to allow direct comparison across RNA-seq,
WSI, and multimodal models. The remaining 413 patients constituted the model-
development cohort. Within this cohort, 137 patients had RNA-seq data and were
used for RNA-seq model development, 356 patients had WSI data and were used
for WSI model development, and 80 patients had both modalities and were used for
multimodal model development (Table 1).

For patients with multiple diagnostic WSIs, all slides belonging to the same patient
were assigned to the same data split to prevent patient-level leakage. RNA-seq pro-
files were treated as patient-level measurements, whereas WSI representations were
available at slide level. In multimodal experiments, the same patient-level RNA-seq
representation was paired with each available WSI from the corresponding patient.

WSIs were processed using the Trident Python framework [37]. Tissue regions were
segmented and each slide was tiled into non-overlapping patches of 512 x 512 pixels
at 20X magnification.

RNA-seq gene expression profiles were normalized using variance-stabilizing trans-
formation (VST) and log2-transformed, resulting in a gene-level feature matrix
comprising 60,660 features. All available annotated genes were retained for model
development, and no additional low-expression filtering or feature selection was
applied.

2.2 Model development

Feature extraction from WSI was performed using either pre-trained convolutional
neural networks in a transfer learning paradigm or multiple pathology foundation mod-
els (Fig. 2). Slide-level embeddings were obtained with TITAN [30] and Prov-GigaPath
[28], while patch-level embeddings were extracted using an ImageNet pre-trained
ResNet-50 [38] that served as baseline, in addition to the patch-level encoder of Prov-
GigaPath, UNI2-h [31], and CONCH v1.5 [29]. All feature extractors were kept frozen
to exploit transferable representations and reduce overfitting, given the limited sam-
ple size. For patch-based approaches, slide-level representations were learned using an
Attention-Based Multiple Instance Learning (ABMIL) [39] architecture, a well-suited
approach in weakly supervised settings where only slide-level labels are available.
Embedding dimensionalities for each WSI encoder are summarized in Table 2. The
slide-level embeddings 2WVS!, obtained either from ABMIL or from slide-level encoders,
were projected into a fixed-dimensional latent space through a learned linear projec-
tion layer fproj and provided as input to a survival prediction head. For patients with
multiple diagnostic WSIs, each slide was treated as an independent sample and the
performance metric was computed at the slide level.

A DeepHazard model [40], a neural-network-based extension of the Cox propor-
tional hazards model [14, 40], was used both for RNA-seq training and for unimodal
OS modeling (Fig. 2). The model was first trained on gene expression data to predict
survival; the activations of the final hidden layer, of dimensionality dgna and treated
as a hyperparameter, were then extracted as a fixed patient-level embedding zrna
and used downstream for both unimodal survival prediction and multimodal fusion.
The best performing dimensionality was selected by maximising the average C-index
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Fig. 1 Study design and evaluation workflow. a) TCGA-GBM cohort selection and centre-based
data splitting strategy into development and held-out sets. The development cohort was used to
define WSI-only, RNA-seg-only, and multimodal model-development subsets. b) Model configurations
evaluated, including WSI-only, RN A-seq-only, WSI+RNA-seq multimodal, both in full- and matched-
training-budget settings c) Model selection and performance evaluation strategy, with 5-fold cross-
validation for hyperparameter selection and 4 X 5 repeated cross-validation followed by evaluation on
the held-out multimodal test set.

over a 5-fold cross-validation on the training set, from the candidate set of {10, 100,
200, 500, 1000}.

Multimodal modelling employed an intermediate fusion strategy: the WSI-derived
latent representation zWoroi and the RNA-based embedding ¢ were concatenated and
used as input in a DeepHazard model for multimodal survival prediction. This design
preserves modality-specific structure while enabling joint risk estimation.

2.3 Training details

The DeepHazard model [40] was adopted as the survival prediction architecture for
both unimodal and multimodal experimental settings. All models were trained by
minimizing the negative Cox partial log-likelihood with L1 and L2 regularization:

LO)=— " [hi—log > exp(hj) | +Aill0]lx + X2]|0]f3. (1)

4:0,=1 Jitj >ty
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Fig. 2 Survival prediction framework. WSIs are tiled into 512 x 512 px patches at 20X mag-

nification and encoded by a frozen WSI encoder. Patch embeddings zm € RNX4 are aggregated

w/’

via ABMIL, fenc, into a slide-level representation z;” , which is projected and layer-normalized by

W os
fproj to obtain a fixed-dimensional WSI embedding z, /. RNA-seq gene-expression profiles zC are

encoded by a trained DeepHazard network, fyred, to produce a genomic embedding 2G extracted
!

proj

from the last hidden layer. For multimodal prediction, z; and z€ are concatenated and passed

to a joint DeepHazard predictor.

where h; denotes the predicted log-hazard for patient ¢, ¢; is the observed survival
time, and d; € {0, 1} is the right-censoring indicator.

Each model outputs a continuous risk score, where higher values indicate higher
predicted mortality risk.

2.4 Experimental design and model configurations

In order to assess the contribution of each data modality to survival prediction perfor-
mance, five different model configurations were evaluated (Fig. 1a). Two WSI models
were trained, one on the full WSI development cohort (WSI-all, N=356) and one on the
smaller multimodal subset (WSI-multimodal, N=80). Similarly, two RNA-seq models
were developed, one trained on all patients having gene expression data (RNAseg-all;
N=137) and one on the multimodal subset. The multimodal model integrating both
WSI and RNA-seq data was trained exclusively on the 80 multimodal patients. Train-
ing unimodal models on the same multimodal patient subset allowed us to compare
fairly the model performances and to assess the added value of multimodal fusion,
without the confounding effect of training set size. Hyperparameters were tuned only
once per modality, on the full-budget configuration (WSI-all and RNAseg-all).



2.5 Validation strategy and performance evaluation

A 5-fold Cross-Validation (CV) scheme (Fig. 1¢) was employed for model develop-
ment and hyperparameter tuning. The splits of the CV were defined exclusively on
the subset of multimodal patients; patients with single-modality data were included
exclusively in the training folds across all splits, effectively increasing the training set
size without compromising evaluation integrity, that remained common across experi-
ments. Fold assignments were kept aligned across all experimental conditions to ensure
that all models were evaluated on identical patient splits, enabling direct statistical
comparison. All splits were performed at the patient level to avoid data leakage. The
optimal hyperparameter configuration was selected maximizing the average validation
C-index [41] across the five folds.

Final performance was estimated using a 4 x 5 repeated cross-validation scheme
applied to the development cohort, providing 20 separately trained models. Each model
was evaluated on the same multimodal held-out test set (N=17) using the Concordance
Index (C-index) [41]. For WSI-based models, each slide was treated as an independent
sample, and the held-out test C-index was therefore computed at the slide level using
27 test slides. For RNA-seq models, predictions were generated at the patient level,
and the held-out test C-index was computed across the 17 test patients. In multimodal
models, RNA-seq profiles were patient-level representations and were propagated for
each available slide from the same patient in order to enable slide-level fusion with
WSI embeddings.

Model performance was reported using the median and interquartile range of held-
out C-index values across repeated cross-validation folds.

2.6 Statistical assessment

Differences in prognostic performance across model configurations were assessed using
the 20 held-out test C-index estimates obtained from the 4 x 5 repeated cross-
validation. Repetition and fold assignments were kept aligned across configurations
to enable paired comparisons. Global differences between conditions were assessed
using repeated-measures ANOVA (rmANOVA). When a significant global effect was
detected (a < 0.05), post-hoc pairwise comparisons were performed using paired t-
tests. To account for the dependency structure induced by cross-validation, the t-tests
were adjusted using a custom implementation of the Nadeau and Bengio variance
correction [42]. Because multiple slides from the same patient were not considered sta-
tistically independent, patient counts were used instead of slide counts when defining
the effective training and test sample sizes for the Nadeau—Bengio correction. When
comparing configurations trained on cohorts of different sizes, the smaller patient
count was used as a conservative effective sample size. Post-hoc p-values were adjusted
for multiple comparisons using the Holm—Bonferroni procedure [43]. Normality was
assessed by means of the Shapiro-Wilk test [44]. Departure from sphericity was eval-
uated using the Greenhouse—Geisser epsilon, and Greenhouse—Geisser correction was
applied where appropriate.



Three groups of statistical comparisons were performed. First, the effect of WSI
encoder choice was assessed separately in the full-budget WSI-only and in the mul-
timodal settings. For each analysis, a one-way repeated-measures ANOVA was fitted
with WSI encoder as the within-subject factor. These analyses tested whether mod-
els based on the representations from the six WSI encoders differed in prognostic
performance when trained using only WSI data, and whether encoder choice stayed
influential after integration with transcriptomic features.

Second, the effect of RNA-seq integration was evaluated comparing WSI-only and
WSI+RNA models under matched training conditions. A two-way repeated-measures
ANOVA was fitted with modality setting and WSI encoder as within-subject factors to
test the main effect of modality and encoder, and the modality-by-encoder interaction.
For each WSI encoder, paired comparisons were performed between each size-matched
WSI-only model and its corresponding WSI+RNA-seq model.

Third, the WSI-only and the WSI4+RNA-seq model configurations with the highest
median held-out C-index were selected for post-hoc exploratory comparison with RNA-
seq models, performed by means of two complementary analyses. The configuration-
level analysis compared the full-budget RNA-seg-only model with the best full-budget
WSI-only and the best WSI+RNA-seq models, to identify the strongest configuration
when each model was trained using all patients available for its required modality. The
modality-level analysis compared the RNA-seq-only model with the best WSI-only
and WSI+RNA-seq models trained on the same multimodal patient subset, thereby
allowing modality effects to be assessed while controlling for training-set size. For each
analysis, a one-way rmANOVA was performed using modality as within-subject factor.

2.7 Implementation details

Models were implemented in Python 3.10 using PyTorch 2.6.0 (CUDA 12.4 build).
For WSI-only and multimodal models, all architectures were optimized using AdamW
with a fixed weight decay of 1 x10~%. The ABMIL model was implemented through the
MIL-Lab library (https://github.com/mahmoodlab/MIL-Lab) [45] and consisted of 1
fully-connected layer with an attention dimensionality of 384, a gating mechanism and
dropout within the attention branch (p = 0.25). All linear layers were initialized with
a Xavier normal initialization. Models were trained for a maximum of 50 epochs, with
early stopping based on validation C-index (patience = 5 epochs) to avoid overfitting.
Due to the multiple instance learning requirements, a batch size of 1 was used with
gradient accumulation to simulate a batch size of 64. The Concordance index was
computed using TorchSurv 0.1.4 [46].

Hyperparameters, including learning rate and network architecture, were selected
via cross-validation using a grid search via Weights & Biases (v0.19.6); a total of 96
configurations (Supplementary Table S3) were evaluated for the WSI-only and mul-
timodal settings. RNA-seq models were optimized using a restricted hyperparameter
search. The evaluated hyperparameters included the network architecture, activation
function and learning rate. The network consisted of two hidden layers, with the size
of the last hidden layer evaluated among {10, 100, 200, 500, 1000} neurons and the
preceding hidden layer fixed at twice that size. Two activation functions, ReLLU and
SELU, were evaluated, with SELU selected for the final models. Dropout was fixed
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at p = 0.0, and the learning rate was evaluated between 1 x 1072 and 1 x 10™%, with
1 x 1073 selected for the final models. Early stopping was not applied during training.
All experiments used a fixed random seed (42) to ensure reproducibility.

3 Results
3.1 RNA-seq embedding dimensionality

The prognostic performance of the RNA-based models showed an improving trend
for increasing dimensionality of the RNA embedding, which plateaued at dimension-
ality 1000. The 500-dimensional embedding achieved the highest validation C-index
while showing a slightly smaller train—validation gap than the 1000-dimensional con-
figuration. Therefore, the 500-dimensional RNA-seq embedding was selected for all
subsequent RNA-only and multimodal experiments.

3.2 Survival prediction performances

Figure 3 and Table 2 report the distributions of C-index values computed on the
held-out test set across the 20 test folds of the repeated cross-validation, stratified by
modality, WSI encoder architecture, and training budget.

Heldout C-index across CV folds [Median + IQR]
Train setup
RNA WSI / WSI + RNA WS - Matched
. WSI - Full
W WSI+RNA - Matched
N RNA - Full
RNA - Matched

Matched Full ResNet50 Prov-GigaPath Prov-GigaPath UNI-2 CONCH v1.5 TITAN
(patch) (patch) (slide) (patch) (patch) (slide)

Fig. 3 Distribution of C-index computed on the held-out test set using models from a 4 x5 CV, for a
total of 20 estimates for each setting. Results are stratified by modality, training budget and encoder.

RNA-only models achieved similar held-out test performance under both training-
budget conditions. When trained on the multimodal subset, the RNA-only model
achieved a median C-index of 0.632 [0.586-0.654]. When trained using all available
RNA-seq patients, performance remained comparable, with a median C-index of 0.629
[0.603-0.662].

WSI-only models showed more modest held-out performance, depending on both
the encoder and the training-set size. Under the full-budget setting, median C-indexes
ranged from 0.543 [0.538-0.561] for TITAN to 0.587 [0.553-0.600] for ResNet-50 and
0.587 [0.555-0.599] for CONCH v1.5.
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Table 2 Held-out C-index performance stratified by modality, training-set setting, WSI encoder,
and WSI embedding type. Performance is reported as median + interquartile range (IQR) across
repeated held-out estimates.

Modality Train set ‘WSI encoder Embed. Median + IQR
Matched - - 0.632 + 0.068
RNA-seq Full - - 0.629 & 0.059
TITAN Slide 0.549 + 0.055
CONCH v1.5 Patch 0.543 + 0.078
GigaPath Slide 0.540 £ 0.102
Match
atched GigaPath Patch 0.539 =+ 0.080
ResNet50 Patch 0.536 + 0.054
WSI UNI2-h Patch 0.512 4 0.103
CONCH v1.5 Patch 0.587 + 0.043
ResNet50 Patch 0.587 &£ 0.046
Full UNI2-h Patch 0.576 & 0.069
GigaPath Slide 0.564 % 0.068
GigaPath Patch 0.558 & 0.130
TITAN Slide 0.543 + 0.022
CONCH v1.5 Patch 0.698 + 0.086
ResNet50 Patch 0.683 = 0.053
GigaPath Patch 0.647 + 0.058
WSI+RNA-seq Matched GigaPath Slide 0.644 % 0.106
UNI2-h Patch 0.623 4 0.144
TITAN Slide 0.614 + 0.070

When training was restricted to the matched multimodal subset, WSI-only per-
formance was generally lower and more variable with median C-indexes ranging from
0.512 [0.460-0.564] for UNI2-h to 0.549 [0.512-0.567] for TITAN (Table 2).

Increasing the training set size produced encoder-dependent gains (Table 3). The
largest absolute median C-index gain was observed for UNI2-h (+0.064), followed by
ResNet50 (+0.051) and CONCH v1.5 (+0.043).

Multimodal models achieved higher median C-indexes than their corresponding
size-matched WSI-only models for all six encoders. The highest observed performance
was obtained using CONCH v1.5, with a median C-index of 0.698 [0.642-0.728],
followed by ResNet-50 at 0.683 [0.654-0.707]. Four out of six multimodal configura-
tions exceeded the median C-index of both RNA-only models. With respect to the
size-matched RNA model, multimodal models showed gains ranging from +0.018 for
UNI2-h to +0.066 for CONCH v1.5.

3.3 Statistical assessment

Statistical testing was organized according to three groups of comparisons: (i) the
effect of WSI encoder choice, (ii) the effect of multimodal integration over WSI-
only modelling, and (iii) the comparison between the best-performing modality
configurations.

First, the effect of the WSI encoder was evaluated separately in full-budget WSI-
only models and in WSI+RNA multimodal models. In the full-budget WSI-only
setting, the repeated-measures ANOVA did not reveal a significant encoder effect
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Table 3 Median held-out C-index for WSI-only and multimodal WSI4+RNA-seq models across WSI
encoders. WSI-only full models were trained on the full WSI training set, whereas WSI-only matched
and WSI/RNA matched models were trained on the same multimodal patient subset. Ay denotes the
performance difference between WSI-only matched and WSI-only full; A,. denotes the performance
difference between WSI-only matched and WSI+RNA-seq matched.

WSI enc. Embed. Median C-index A median C-index
WSI WSI  WSI+RNA  AWSLuy_maren.  Smulti-WSTaccn,
full match. match.

CONCH v1.5 Patch 0.587  0.543 0.698 0.043 0.154

ResNet50 Patch 0.587  0.536 0.683 0.051 0.147

UNI2-h Patch 0.576 0.512 0.623 0.064 0.111

GigaPath Patch 0.558 0.539 0.647 0.020 0.108

GigaPath Slide 0.564 0.540 0.644 0.024 0.103

TITAN Slide 0.543  0.549 0.614 —0.006 0.064

(F(5,95) = 1.065, p > 0.05). In contrast, the multimodal analysis detected a signif-
icant overall effect of the WSI encoder (F(5,95) = 5.413, p < 0.01, egg = 0.692).
However, none of the pairwise encoder-level comparisons remained significant after
Holm adjustment.

Second, size-matched WSI-only and WSI+RNA models were compared using a
two-way repeated-measures ANOVA to assess the added value of RNA-seq integration
across WSI encoders. The analysis showed a strong main effect of modality, with higher
held-out performance for WSI4+RNA than for WSI-only models (F'(1,19) = 123.736,
pac < 0.01). Neither the main effect of the WSI encoder (F(5,95) = 2.33, pag =
0.0768) nor the modality-by-encoder interaction (F(1,19) = 123.736, pac = 0.0576)
reached significance after Greenhouse—Geisser correction. Mean differences favoured
multimodal modelling for all six encoders and ranged from 0.086 to 0.160 C-index
points. After Nadeau—Bengio and Holm correction, the improvement remained signif-
icant for ResNet50 (Amean Coindex = 0.143, peorr < 0.01), slide-level Prov-GigaPath
(Amean Coindex = 0.145, peorr < 0.01), and CONCH v1.5 (Amean Coindex = 0.160,
Peorr < 0.01). The comparisons involving UNI2-h, patch-level Prov-GigaPath, and
TITAN did not remain significant after adjustment.

Third, the best-performing configurations were compared with RNA-seq models.
In the full-budget configuration analysis, the overall effect of model configuration was
significant (F'(2,38) = 29.992, p < 0.01, egg = 0.7474). Post-hoc pairwise comparisons
numerically favoured RNA-seq over WSI-only modelling and multimodal over both
WSI-only and RNA-seq-only modelling. The multimodal versus RNA-seq contrast
showed an unadjusted trend (pyne = 0.0569), but none of the comparisons remained
significant after Holm correction. In the size-matched modality analysis, a significant
overall modality effect was observed (F'(2,38) = 54.225, p < 0.01, egg = 0.922).
The CONCH v1.5 WSI+RNA model significantly outperformed the best size-matched
WSTI-only model, based on TITAN representations (Amean = 0.152, peorr < 0.01).
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Neither RNA-seqg-only versus WSI-only nor WSI+RNA versus RNA-seq-only reached
significance.

4 Discussion

This study evaluated the relative prognostic value of histopathology, transcriptomics,
and their integrated representations for OS prediction in glioblastoma using the
TCGA-GBM cohort. The analysis addressed whether pathology foundation mod-
els provided more informative WSI representations than an ImageNet-pretrained
ResNet50 baseline, whether integrating RNA-seq improved prediction relative to WSI
alone, and which modality or combination provided the strongest prognostic signal
under both full and matched training budgets.

Three main patterns emerged. First, RNA-seq provided the numerically strongest
unimodal prognostic signal. Second, integrating RNA-seq with WSI representa-
tions consistently improved performance relative to WSI-only modelling. Third, the
best-performing multimodal configurations also exceeded RNA-seq-only modelling
numerically, suggesting that histopathology may contribute complementary prognostic
information when combined with a strong transcriptomic representation.

The clearest result was the improvement associated with adding RNA-seq to WSI
representations under matched training conditions. The repeated-measures analysis
identified a large main effect of modality, and the mean difference favoured WSI+RNA-
seq for all six encoders. The direction of the effect was highly consistent, even though
the strength of the statistical evidence varied by encoder. Numerically, the magni-
tude of the improvement varied across encoders, with CONCH v1.5 and ResNet50
showing the largest median multimodal gains. UNI2-h and TITAN showed smaller
final multimodal performance, but both still improved relative to their corresponding
size-matched WSI-only models. One possible explanation is that some encoders retain
morphological information that is more complementary to transcriptomics, whereas
others encode signals that overlap more strongly with molecular features. These find-
ings indicate that the addition of transcriptomic information was beneficial across
heterogeneous visual representations. The absence of a clear modality-by-encoder
interaction is consistent with a broadly shared benefit of RNA-seq integration across
encoders, although the limited sample size does not exclude encoder-specific differ-
ences in the magnitude of this benefit, as suggested by improvements in ResNet-,
ProvGigaPath-, and CONCH-based models.

RNA-seq emerged as a stable unimodal predictor, with models achieving median
held-out C-index values of approximately 0.63 under both training-budget conditions.
Furthermore, the RNA-only model trained on the multimodal subset numerically
exceeded the best full-budget WSI-only model, despite being trained on substantially
fewer patients. The stability of RNA-seq performance across training budgets likely
reflects the fact that the difference in the number of patients between successive train-
ing settings is negligible relative to the extremely high dimensionality of the feature
space. As a result, the model might be exposed to essentially the same underlying
molecular signal across all training budgets, suggesting that this dominant prognostic
signal can be learned even from relatively small patient cohorts. Further improvements
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would likely require larger cohorts to determine whether additional, weaker molecular
prognostic patterns can be learned beyond this dominant signal. Although direct pair-
wise comparisons did not establish a definitive difference between the best RNA-seq
and WSlI-only models, the pattern was consistent across training budgets with tran-
scriptomic profiles achieving a stronger and more stable unimodal prognostic signal
than histopathological representations in the present cohort.

The comparison between multimodal and RNA-seq-only models was more nuanced
but favourable to multimodal integration. Four of the six multimodal configurations
achieved higher median C-indices than both RNA-seq-only models. CONCH v1.5
showed the largest difference relative to size-matched RNA-seq, improving from 0.632
to 0.698, while ResNet50 improved to 0.683. Both Prov-GigaPath configurations also
exceeded RNA-seq alone, although by smaller margins. Conversely, the UNI2-h and
TITAN multimodal models remained slightly below RNA-seq-only performance. The
overall pattern therefore suggests that histopathological information may provide
additional value when the WSI representation is sufficiently informative. The perfor-
mance of CONCH v1.5 and ResNet50 is particularly relevant in this respect because
both models produced numerical improvements over RNA-seq alone despite relying
on substantially different pretraining strategies. The direct multimodal-versus-RNA
comparisons did not survive correction for multiple testing; however, the observed
median differences, consistent ranking of the strongest configurations, and limited size
of the held-out cohort support interpreting these results as exploratory evidence that
morphology may add complementary information beyond transcriptomics alone.

The observed results suggest that WSI and RNA-seq capture partially complemen-
tary but unequally informative prognostic signals, with RNA-seq providing the larger
unimodal contribution and WSI adding a smaller complementary signal. This pattern
is biologically plausible as bulk RNA-seq directly encodes molecular programmes asso-
ciated with proliferation, immune activity, cellular state, treatment resistance, and
microenvironmental remodelling, while histopathological images capture phenotypic
manifestations which may only indirectly reflect the underlying molecular drivers. This
interpretation is consistent with previous multimodal glioma studies suggesting that
much of the predictive signal is modality-specific and additive, with relatively limited
contribution from complex cross-modal interactions and better-performing architec-
tures showing equivalent or lower levels of cross-modal interaction [49]. Under this
interpretation, the use of a simple intermediate fusion approach by means of concate-
nation is a reasonable and conservative choice in such a limited-size cohort, where
more expressive fusion architectures may increase overfitting risk without necessarily
improving generalization.

Contrary to the expectation that pathology-specific foundation models would
consistently outperform a generic natural-image encoder, the ImageNet-pretrained
ResNet50 remained highly competitive, jointly ranking first in the full-budget WSI-
only analysis together with CONCH v1.5 (median C-index = 0.587); in the multimodal
setting, ResNet50 ranked second to CONCH v1.5, exceeding all the remaining pathol-
ogy foundation models. No significant encoder effect was observed in the full-budget
WSI-only analysis. Thus, within the present cohort, frozen-encoder configuration, and
downstream survival architecture, pathology-specific pretraining did not produce a
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consistent advantage over the ImageNet-pretrained baseline. A tentative explanation
is that the histological features most associated with survival in GBM may be rela-
tively coarse, therefore accessible to simpler encoders. Pathology foundation models
are generally trained to capture broad morphological or image—text information across
diverse tissues and tasks, whereas survival prediction may depend on relatively subtle
and cohort-specific patterns. This result aligns with increasing evidence that the ben-
efits of large, domain-specific pretrained models are context dependent [27] and that,
depending on the task, cohort size, and downstream architecture, simpler or more
generic pretrained models may remain competitive with larger, domain-specialized
alternatives [47]. Nonetheless, the comparison was restricted to frozen representations,
a limited GBM cohort, specific aggregation strategies and a single survival-prediction
architecture. Foundation models may therefore still provide benefits under fine-tuning,
larger labelled cohorts, different endpoints, or tasks more closely aligned with their
pretraining objectives.

Increasing the WSI training set from the matched subset to the full WSI cohort
improved median performance for five of the six encoders. The largest gains were
observed for UNI2-h, ResNet50, and CONCH v1.5, whereas TITAN showed essen-
tially unchanged performance. This suggests that additional training data can improve
WSI-based survival modelling, but that the magnitude of the benefit depends on the
representation and downstream architecture. Despite being trained on substantially
more patients, the full-budget WSI-only models remained below RNA-seq-only and
the strongest multimodal configurations. Thus, increasing the WSI-only training set
was insufficient to close the observed performance gap with RNA-seq-only and the
strongest multimodal configurations.

The GBM-specific design is important when interpreting these results. Many previ-
ous multimodal glioma survival studies used mixed TCGA-GBMLGG cohorts, where
prediction may be strongly influenced by differences between lower-grade glioma and
glioblastoma, including grade, IDH status, molecular subtype, and histological cat-
egory. High performance in such settings may partly reflect discrimination between
clinically and biologically distinct disease groups rather than prognostic stratification
within GBM. By focusing exclusively on primary GBM, the present study addressed
a more homogeneous but substantially more challenging prediction problem, in which
survival-related variation had to be identified within a uniformly aggressive disease
population.

The results are broadly comparable with PAGE-Net [24], one of the most closely
related GBM-specific multimodal survival models. PAGE-Net integrated histopathol-
ogy, gene expression, and demographic information and reported a C-index of 0.702,
compared with their C-index value of 0.509 for histopathology alone and 0.640 for
a gene-expression and age models. Although direct comparison is limited by differ-
ences in cohort definition, preprocessing, covariates, data availability, and validation
design, the best model in the present study achieved a similar performance range
without incorporating demographic variables. More importantly, the current work
extends prior GBM studies by systematically comparing multiple WSI encoders and
by separating modality effects from differences in training-set size.
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This study indicates that RNA-seq provides the strongest and most stable uni-
modal prognostic signal in TCGA-GBM and captures survival-related information not
fully represented by histopathology alone. Accordingly, integrating RNA-seq with WSI
features consistently improved prognostic performance relative to WSI-only modelling.
Within the present limited-sample, frozen-feature setting, however, features derived
from pathology foundation models did not show a consistent advantage over those
extracted with the conventional ImageNet-pretrained ResNet50 baseline, highlighting
the need for controlled, task-specific benchmarking. Overall, these findings provide
exploratory evidence that, in this cohort and experimental setting, modality compo-
sition appeared to have a larger influence on prognostic performance than increasing
the size of the WSI-only training cohort.

This study has several limitations that should guide interpretation. First, the anal-
ysis was conducted on a relatively small GBM-specific cohort, particularly in the
multimodal setting. Although a centre-held-out test set was used, it included only 17
patients and 27 WSIs, and no fully independent external validation cohort was avail-
able. Second, statistical comparisons were based on held-out C-index estimates from
repeated cross-validation. This design increases the number of performance estimates
and enables paired comparisons, but the estimates are not fully independent because
training partitions overlap across folds and repetitions. The use of Nadeau—Bengio
correction and Holm adjustment mitigates part of this issue, but the statistical results
should still be interpreted with appropriate caution in light of these methodological
choices. Third, multimodal modelling was limited to intermediate fusion by concate-
nation of WSI-derived and RNA-seq-derived embeddings. This strategy is reasonable
for a limited-size multimodal cohort and provides a conservative baseline, but it does
not establish whether more expressive fusion mechanisms could improve performance.
Fourth, the study did not include formal interpretability analyses.

5 Conclusions

This study provides a controlled, glioblastoma-specific comparison of the value of
histopathology, transcriptomic, and their integration for overall-survival prediction in
different modality availability settings.

Across the evaluated configurations, RNA-seq provided the strongest and most
stable unimodal prognostic signal, whereas WSI-only models achieved a more mod-
est and encoder-dependent performance. Increasing the WSI training set generally
improved WSI-only prediction but did not close the observed gap with transcriptomic
or multimodal models. Under size-matched training conditions, integrating RNA-seq
with WSI representations consistently improved performance over WSI-only mod-
elling across all encoders. The CONCH v1.5 multimodal configuration achieved the
highest median held-out C-index, and four of the six multimodal models numerically
exceeded both RNA-seq-only configurations. These patterns suggest that RNA-seq
provides the dominant observed unimodal contribution, while appropriately encoded
histopathology may add complementary information. Pathology foundation models did
not consistently outperform the ImageNet-pretrained ResNet50 baseline, indicating
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that domain-specific pretraining alone does not guarantee superior survival represen-
tations in this setting. These findings provide exploratory support for the integration
of RNA-seq and WSI features for survival prediction in the present cohort. Within
the present experimental setting, modality composition appeared to have a larger
and more consistent influence on prognostic performance than WSI encoder selection,
supporting further evaluation of WSI-RNA integration in larger and independently
validated GBM cohorts. Overall, this work provides a controlled GBM-specific assess-
ment of the relative contributions of histopathology, transcriptomics, training-set size,
and WSI encoder choice, thereby offering practical evidence to guide the design of
future survival-prediction pipelines.
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