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Survival prediction in IDH-wildtype glioblastoma is an inherently time-dependent challenge that 
remains clinically critical, yet limited by inter-institutional heterogeneity and insufficient labeled data. 
Existing deep learning prognostic models often overfit to high-dimensional imaging features and fail to 
generalize across clinical settings. To address these limitations, we developed FA-DeepMSM (Few-shot 
Adapted Deep Multimodal Survival Model), which integrates self-supervised MRI features with clinical 
and molecular variables within a few-shot learning framework. High-dimensional MRI embeddings 
were extracted from 1,359 adult-type diffuse glioma patients using large multi-institutional datasets 
combining in-house and publicly available cohorts with survival data through a pretrained DINOv2 
vision transformer and fused with structured tabular data in a transformer-based survival architecture. 
The model was fine-tuned under 0-, 5-, 10-, 20-, and 40-shot settings using an external glioblastoma 
cohort from UPenn (n = 452). Few-shot adaptation significantly improved generalization, increasing the 
average time-dependent C-index from 0.643 (0-shot) to 0.680 (40-shot). To enhance interpretability, 
FA-DeepMSM incorporates a time-resolved explainability module based on permutation analysis, 
enabling variable-level risk attribution across survival timepoints (3, 6, 12, 18, and 24 months). Early 
prognosis was primarily driven by extent of resection, whereas later survival phases were more 
influenced by MGMT promoter methylation and image-derived features. By addressing data scarcity, 
cross-modal misalignment, and limited interpretability, FA-DeepMSM establishes a clinically scalable 
and explainable paradigm for outcome prediction in neuro-oncology.

Glioblastoma is the most aggressive primary brain tumor and is now defined histomolecularly by the 2021 
WHO Classification of CNS tumors. Despite the advanced molecular refinements, adult-type diffuse gliomas—
especially IDH-wildtype glioblastoma—remain heterogeneous in molecular genetic, and clinical features1. This 
heterogeneity continues to present challenges for prognosis and personalized treatment2. Established prognostic 
factors include clinical variables such as age, performance status, and extent of resection, alongside molecular 
markers such as O⁶-methylguanine-DNA methyltransferase (MGMT) promoter methylation (hereafter, 
mMGMT) and isocitrate dehydrogenase (IDH) mutation status. In parallel, MRI has emerged as a noninvasive 
window into tumor biology, potentially encoding phenotypic correlates of underlying molecular heterogeneity3.

Recent advances in deep learning have enabled the automated extraction of high-dimensional, clinically 
relevant features from multiparametric MR imaging. Several studies have shown that convolutional and 
transformer-based models can predict molecular subtypes, tumor segmentation, and tumor grade via multi-
task learning, and can even estimate patient survival using imaging data alone4–8. However, glioma is inherently 
a multimodal disease and integrating imaging with clinical and molecular features has become increasingly 
important for comprehensive prognostic modeling9–12. However, although transformer architectures show 
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promise in integrating heterogeneous modalities, current multimodal models13,14 often underperform in 
external validation due to latent modality entanglement, overfitting to high-dimensional image-derived features 
relative to model capacity, and poor alignment with real-world data distributions9.

Recent advancements in foundation models have shown promise in tasks such as medical image segmentation 
by enabling self-supervised learning from large-scale unlabeled data. Adapting self-supervised models trained 
on such datasets in a zero- or few-shot manner has demonstrated performance comparable to fully supervised 
approaches, even under limited labeled data conditions, a common challenge in medical domains15. However, 
their application to survival prediction remains largely unexplored. While fine-tuning self-supervised models on 
task-specific medical applications has become common, adapting them to survival prediction tasks under few-
shot conditions remains challenging, especially with large domain gaps across data types. For example, MedSAM 
demonstrated that self-supervised, few-shot strategies can achieve competitive segmentation performance 
without large-scale annotated datasets16–18. FastGlioma introduced a visual foundation model that detects 
glioma infiltration from intraoperative optical imaging through few-shot adaptation, enabling rapid, label-free 
diagnosis19. CancerGPT showed that large language models can be adapted with minimal data to accurately 
predict drug synergy in rare cancer tissues20. Despite differences in modality and task, these studies collectively 
illustrate that self-supervised, few-shot learning enables generalizable and scalable model performance across 
biomedical domains.

Despite this progress, current multimodal survival prediction approaches face three fundamental limitations. 
First, the predominant approach involves feeding extracted multimodal embeddings into statistical models 
such as Cox proportional hazards (CoxPH), which assume proportional hazards and cannot flexibly capture 
nonlinear, time-dependent survival patterns21,22. Second, recent deep learning methods employing complex 
fusion architectures (e.g., cross-attention mechanisms, transformer-based predictors)9,23 substantially increase 
model complexity, elevating overfitting risk in data-scarce survival settings and contributing to poor external 
validation performance. Third, the scarcity of labeled survival data—particularly across different institutions and 
rare cancer subtypes—poses fundamental challenges for training robust image encoders and achieving stable 
model adaptation to new clinical environments.

In this study, we present a multimodal deep learning-based individualized survival model within a few-shot 
learning framework. The model, termed DeepMSM, is first trained to estimate the risk of cancer progression 
from adult-type diffuse glioma patients and subsequently is then fine-tuned for survival prediction in 
glioblastoma (hereinafter referred as FM-DeepMSM). More specifically, the proposed model is first trained 
on the internal set with relatively larger number of samples and then fine-tuned on the external set under 
incremental supervision levels (0-, 5-, 10-, 20- and 40-shot) to reflect real-world scenarios where external labels 
are scarce. The MRI features are extracted in a self-supervised fashion via a vision transformer (ViT) model 
under knowledge Distillation with NO labels (DINO) v2 24 from 1,359 adult-type diffuse glioma patients. These 
variables are then fused with clinical and molecular genetic variables via a modality fusion layer to provide 
accurate hazard estimation. To further understand the behavior of the proposed model, we incorporate a time-
resolved interpretability that quantifies the prognostic contribution of each variable across the survival time, 
which enables variable-level analysis across heterogeneous glioma populations. By jointly addressing modality 
gap, generalization failure, and limited interpretability, the proposed framework provides a scalable and time-
resolved explainable multimodal survival prediction in neuro-oncology.

Results
Patient characteristics
This study analyzed data from 2,183 patients with histologically confirmed diffuse gliomas across four 
institutions, grouped into four distinct cohorts. The internal set included 802 patients from Seoul National 
University Hospital (SNUH; mean age: 55.37 ± 14.95 years; mean OS: 30.67 ± 30.50 months), along with 87 
additional patients from the severance (mean age: 58.21 ± 14.11 years; mean OS: 26.48 ± 17.32 months) and 470 
patients from the USCF dataset (mean age: 56.76 ± 15.24 years; mean OS: 18.57 ± 17.27 months). External set 
consisted of 452 patients from UPenn (mean age: 63.69 ± 11.98 years; mean OS: 13.58 ± 11.85 months). Detailed 
characteristics of these four cohorts are summarized in Table S1.

Performance evaluation: internal validation
In the internal validation, unimodal models using either clinical variables or image alone demonstrated limited 
performance. The clinical-only deep learning-based survival model (DSM) achieved an average concordance 
index (C-index) of 0.749 (95% confidence intervals (CI) : 0.742–0.755), while the image-only DSM, based on 
self-supervised imaging embeddings, yielded a lower performance of 0.697 (95% CI: 0.692–0.702). Traditional 
models such as CoxPH and Random Survival Forest (RSF), trained on clinical variables alone, achieved C-indices 
of 0.751 (95% CI: 0.745–0.758) and 0.762 (95% CI: 0.757–0.767), When trained solely on self-supervised imaging 
embeddings, the performance of CoxPH and RSF declined, with C-indices of 0.692 (95% CI: 0.687–0.697) and 
0.723 (95% CI: 0.718–0.728), respectively.

By integrating both modalities, DeepMSM consistently outperformed traditional survival models across 
most evaluation time points. It achieved the highest average C-index of 0.788 (95% CI: 0.782–0.793), exceeding 
that of CoxPH (0.760, 95% CI: 0.753–0.767) and RSF (0.771, 95% CI: 0.767–0.775). Statistically significant 
improvements were observed for DeepMSM at most monthly time points (6–24 months), as well as in the 
overall average. DeepMSM also achieved the lowest average Brier score of 0.119 (95% CI: 0.118–0.120), further 
supporting its superior calibration performance (Table 1).
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Performance evaluation: GBM-only external validation
We evaluated the internally-trained models in a zero-shot setting on an external cohort composed exclusively 
of glioblastoma (GBM) cases. Surprisingly, the performance of the multimodal models—combining imaging 
and clinical data—was inferior to that of unimodal models using only clinical variables. We hypothesize that 
this performance degradation stems from the multimodal models being overfitted to the heterogeneous tumor 
subtypes and biased toward image features present in the internal cohort. In particular, imaging features are 
more susceptible to domain shifts across institutions and disease subgroups, which may have impaired the 
generalizability of the learned representations to the GBM-only external cohort (Fig. 1).

Few-shot fine-tuning was performed to adapt the internally-trained model to external GBM data, utilizing 5, 
10, 20, and 40 shots. In Cox models, imaging features showed negative or negligible contribution at 5 shots but 
progressively improved with more data, showing neutral effect at 40 shots. Clinical variables such as Karnofsky 
Performance Status (KPS), WHO grade, IDH status, and tumor location showed limited but stable contributions. 
In contrast, deep learning models demonstrated consistent performance gains with increasing shot numbers 
(Fig.  2a), with imaging features contributing positively from 10 shots onward, highlighting the effectiveness 
of few-shot adaptation for image–clinical alignment (Table 2, Supplementary Fig. 5). Notably, at the 40-shot 
setting, the proposed FA-DeepMSM model consistently outperformed CoxPH and RSF across all time intervals 
(3 to 24 months), as shown in Fig. 2b.

Time-dependent interpretability
Permutation-based feature importance analysis revealed how the prognostic contribution of each clinical 
variable changes over time, as measured by the time-dependent C-index at each time point (Figs. 3a-b). We 
observed that extent of resection (EOR) had a stronger prognostic contribution at earlier time points, while 
MGMT promoter methylation became more important at later stages of follow-up (Fig. 3b).

In our model, MRI-derived deep learning-based prognostic indices (DPIs) initially showed low or negligible 
importance in the 5-shot setting. However, as the number of adaptation samples increased, the model was 

Fig. 1.  The Overall Framework: a Pretraining using DINOv2 trained on large-scale data to extract self-
supervised MRI image features; b the proposed multimodal transformer model for survival prediction.

 

Model

Time-dependent C-index

Data Type

Eval times

3 6 12 24 48

CoxPH Clinical 0.799 (0.785, 0.813) 0.722 (0.712, 0.732) 0.737 (0.731, 0.743) 0.749 (0.744, 0.754) 0.749 (0.744, 0.753)

Image 0.858†† (0.851, 0.866) 0.652 (0.641, 0.663) 0.665 (0.658, 0.672) 0.646 (0.641, 0.651) 0.637 (0.633, 0.648)

Multimodal 0.849† (0.831, 0.866) 0.732 (0.721, 0.743) 0.733 (0.726, 0.739) 0.749 (0.744, 0.754) 0.738 (0.733, 0.742)

RSF Clinical 0.820 (0.810, 0.829) 0.756 (0.748, 0.764) 0.744 (0.738, 0.749) 0.757 (0.753, 0.762) 0.734 (0.730, 0.738)

Image 0.858†† (0.847, 0.868) 0.731 (0.722, 0.740) 0.694 (0.687, 0.701) 0.670 (0.666, 0.675) 0.663 (0.659, 0.667)

Multimodal 0.929 (0.923, 0.935) 0.756 (0.748, 0.765) 0.726 (0.720, 0.732) 0.727 (0.722, 0.732) 0.716 (0.712, 0.720)

Deep MSM Clinical 0.798 (0.784, 0.812) 0.717 (0.707, 0.728) 0.737 (0.731, 0.743) 0.7511 (0.746, 0.756) 0.740 (0.736, 0.744)

Image 0.816 (0.803, 0.829) 0.675 (0.666, 0.683) 0.681 (0.675, 0.688) 0.662 (0.657, 0.666) 0.652 (0.648, 0.656)

Multimodal 0.866 (0.856, 0.877) 0.778 (0.769, 0.786) 0.767 (0.760, 0.773) 0.770 (0.765, 0.774) 0.757 (0.754, 0.761)

Table 1.  Internal Test Set Performance: Clinical-Only vs. Image-Only vs. Multimodal Models. P-values from 
paired t-tests against the Multimodal DeepMSM: No symbol: P-value 0.001; †: 0.001 ≤ P-value 0.01; ††: 0.01 
≤ P-value. Parentheses indicate 95% confidence interval; Bold text represents the highest score; Underlined text 
represents the second-highest score.
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able to increasingly leverage image information—reflected by a consistent rise in ΔC-index (i.e., difference in 
the C-index) for the image feature (Supplementary Fig. 5). In contrast, the Cox model did not exhibit similar 
recovery of image importance, showing the importance of DPIs maintaining near-zero or even negative ΔC-index 
values across all shot levels. This highlights a key advantage of deep learning models in capturing transferable 
representations from imaging data under low data regimes.

Fig. 2.  Comparison of Model Discrimination Performance Over Few-shot and Time Settings: a C-index 
performance at the 12-month timepoint across three models (CoxPH, RSF, and FA-DeepMSM), evaluated 
in both zero-shot (n = 0) and varying few-shot fine-tuning scenarios (n = 5, 10, 20, 40). b Longitudinal 
comparison of model discrimination performance at 3, 6, 12, 18, and 24 months following 40 shot fine-tuning. 
The figure illustrates how each model performs at different timepoints, enabling direct comparison of time-
specific prognostic discrimination.
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Patient-Level interpretability
To better understand the spatial reasoning of the proposed model, we applied Grad-CAM to visualize the 
regions that contribute most to the predicted survival risk. In patient-specific interpretation of the comparative 
representative cases (Fig. 4a), the activation map (third column) highlight regions that closely align with the 
tumor boundaries (fourth column), as identified by manual segmentation. Interestingly, the highlighted areas 
predominantly overlap with the enhancing tumor and peritumoral edema without given the tumor segmentation 

Fig. 3.  Longitudinal Shifts in Prognostic Value: a Longitudinal analysis of prognostic contributions for all 
input features, illustrating how their relative importance changes across multiple timepoints in both internal 
and external cohorts. b Focused analysis of three clinically core features illustrates their dynamic prognostic 
impact across time.

 

External: UPenn (Time = 12 Month)

Data Type Model 0-shot 5-shot 10-shot 20-shot 40-shot

Clinical CoxPH 0.661 (0.657, 0.664) 0.634 (0.631, 0.638) 0.644 (0.640, 0.647) 0.658 (0.655, 0.661) 0.663 (0.660, 0.667)

RSF 0.668 (0.665, 0.672) 0.436 (0.432, 0.440) 0.571 (0.567, 0.575) 0.618 (0.615, 0.622) 0.642 (0.638, 0.645)

FA-DeepMSM 0.661 (0.657, 0.665) 0.642 (0.638, 0.645) 0.628 (0.624, 0.631) 0.639 (0.636, 0.643) 0.657 (0.653, 0.661)

Image CoxPH 0.583 (0.579, 0.587) 0.478 (0.474, 0.483) 0.505 (0.501, 0.509) 0.548 (0.543, 0.552) 0.600 (0.596, 0.604)

RSF 0.605 (0.602, 0.609) 0.441 (0.437, 0.444) 0.536 (0.531, 0.540) 0.563 (0.559, 0.568) 0.591 (0.586, 0.595)

FA-DeepMSM 0.580 (0.577, 0.584) 0.512 (0.508, 0.516) 0.536 (0.531, 0.540) 0.576 (0.571, 0.580) 0.621 (0.617, 0.625)

Multimodal CoxPH 0.631 (0.627, 0.635) 0.616 (0.611, 0.620) 0.618 (0.614, 0.622) 0.642 (0.638, 0.645) 0.641 (0.637, 0.644)

RSF 0.611 (0.607, 0.615) 0.456 (0.452, 0.460) 0.539 (0.534, 0.543) 0.582 (0.577, 0.586) 0.607 (0.603, 0.610)

FA-DeepMSM 0.642* (0.638, 0.646) 0.575 (0.571, 0.579) 0.653 (0.650, 0.658) 0.669 (0.666, 0.673) 0.674 (0.671, 0.678)

Table 2.  External Test Set Performance: Across Zero- and Few-Shot Settings (12 months). P-values from paired 
t-tests against the Multimodal FA-DeepMSM: Every element has a less than 0.001 P-value. Parenthesis indicates 
95% confidence interval; Bold text represents the highest score; Underlined text represents the second-highest score. 
* FA-DeepMSM without fine-tuning (n = 0) is equivalent to the original DeepMSM (i.e., zero-shot setting).
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masks, suggesting that the model leverages clinically relevant features in making its predictions. We further 
compared individualized survival predictions for the two patients with distinct trajectories of clinical outcomes. 
Patient 1, a 72-year-old male with glioblastoma (WHO grade 4, KPS: 100, MGMT: un-methylated and EOR: 
non-total extent), died at 22 months, at which point the model predicted a survival probability of 0.109. Patient 2, 
a 62-year-old male with slightly more favorable clinical factors (WHO grade 3, KPS: 90, MGMT: un-methylated 
and EOR: non-total extent), died at 95 months, with a model-estimated survival probability of 0.06 at that time. 
In both cases, the predicted probabilities at their respective times of death reflect a realistic downward trajectory 
and align with their relative risk profiles. These differences are clearly visualized in the survival curves in Fig. 4b, 
where Patient 1’s curve declines sharply compared to the more gradual descent observed for Patient 2.

Risk score comparison: multimodal vs. unimodal
In Fig. 5a, the distribution of risk scores on the external cohort reveals notable differences across the deep survival 
models. The clinical-only model exhibits a relatively flat distribution with scores concentrated in a specific 
range, indicating limited variability in its predictions. The image-only model shows a narrow distribution, with 
most risk scores clustered tightly around the median, suggesting low variance and limited risk stratification 
power. In contrast, the multimodal model demonstrates a broader distribution of risk scores without being 
overly concentrated in a particular interval, reflecting both high variance and a more continuous risk spectrum. 
This indicates that the multimodal model (i.e., DeepMSM) not only achieves better discrimination, as also 
demonstrated in Table 1, and at the same time delivers more reliable calibration in its risk estimates. The ability to 
distinguish high- and low-risk individuals while maintaining well-calibrated predictions highlights the strength 
of integrating clinical and imaging features, particularly in few-shot scenarios. This pattern is further supported 
by Fig. 5b, where the separation between the survival curves of the high-risk and low-risk groups is noticeably 
more pronounced in the multimodal model compared to the unimodal models.

Method and materials
Patient cohorts
In this retrospective multicenter study, we analyzed data from 1,871 patients with histologically confirmed adult-
type diffuse glioma according to 2021 WHO classification of CNS tumors (i.e., IDH-wildtype glioblastoma, 
IDH-mutant, 1p/19q-nondeleted astrocytoma, IDH-mutant, 1p/19q-codeleted oligodendroglioma), collected 
across four independent institutions. For model development, we used a cohort from Seoul National University 
Hospital (SNUH; n = 802, collected between May 2012 and December 2021), Severance Hospital (n = 87, collected 
between December 2016 and December 2017) and the University of California, San Francisco (UCSF-PDGM; 

Fig. 4.  Patient-Level Interpretation of Deep Multimodal Survival Model via Grad-CAM Visualization: a 
Grad-CAM visualizations for two comparative representative patients, overlayed on T1CE and FLAIR images. 
The highlighted areas align well with annotated tumor lesions, indicating that the model focuses on clinically 
relevant tumor lesions when estimating survival risk. b Patient-specific prognostic visualization: Predicted 
survival curves derived from multimodal inputs for two patients. Patient 1 (red), a 63-year-old male with IDH-
wildtype glioblastoma in the right temporo-occipital lobe, MGMT-unmethylated, KPS 90, underwent subtotal 
resection and survived 22 months (predicted probability at death: 10.9%). Patient 2 (blue), a 72-year-old male 
with IDH-mutant astrocytoma in the right insula, MGMT-unmethylated, KPS 100, also underwent gross total 
resection and survived 95 months (predicted probability at death: 5.7%). The model predicted a substantially 
lower survival probability across time for Patient 1, consistent with more aggressive clinical and imaging 
features.
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n = 470, publicly available). For external validation, we employed an independent cohort from the University of 
Pennsylvania (UPenn-GBM; n = 452, publicly available). Patients were included only if they possessed all essential 
MRI sequences required for tumor segmentation and analysis and had complete overall survival information. 
All cohorts received standard-of-care treatment, including initial tumor resection followed by chemotherapy 
and/or radiotherapy, when indicated. All experimental protocols were approved by the Institutional Review 
Boards of SNUH and Severance Hospital, and the Institutional Review Boards of SNUH and Severance Hospital 
waived the need for informed consent. All procedures followed the principles of the Declaration of Helsinki. 
Analyses of the de-identified public datasets (UCSF-PDGM and UPenn-GBM) were exempt from IRB approval 
under institutional policies for secondary use of anonymized data. Overall survival time was calculated from the 
date of initial diagnosis to death attributed to the disease or the last follow-up. We trained the model on diffuse 
glioma due to greater data availability, but intentionally validated it on IDH-wildtype glioblastoma (GBM)—the 
primary population of prognostic interest—using the UPenn-GBM cohort as an optimal external test set.

Clinical and genetic variables—including age, sex, KPS, EOR, WHO grade, glioma pathology type, IDH 
mutation status, and MGMT status—were collected for survival prediction.

While the internal cohorts (i.e., SNUH, Severance, UCSF) exhibited similar distributions in clinical variables 
and survival time, these distributions were statistically different from those in the UPenn cohort (Table  2, 
Supplementary Materials Fig.  1). This heterogeneity led us to designate the UPenn dataset as the external 
validation cohort and the combined data from the other three centers as the internal cohort for model training 
and validation.

MRI preprocessing and image feature extraction
MRI data were acquired using distinct protocols across participating institutions (detailed acquisition parameters 
including scanner specifications, field strengths, contrast agents, and sequence parameters are provided in 
Supplementary 1).

For each patient, four MRI sequences were used: T1-weighted (T1), contrast-enhanced T1 (T1CE), T2-
weighted (T2), and fluid-attenuated inversion recovery (FLAIR). All scans were skull-stripped, resampled to 
1 mm isotropic resolution, co-registered to a common anatomical template, and intensity normalized.

As illustrated in Fig. 1, the vision backbone for extracting DPI employed the vision transformer (ViT)25 
architecture, which has demonstrated strong performance across a range of imaging tasks, particularly when 
capturing global dependencies and contextual information is crucial. Our vision backbone was adapted to 
handle multiparametric 3D MRI and further trained in a self-supervised manner on the internal set via self-
DIstillation with NO labels (DINO) v2. For each 3D MRI, the sequence-wise averaged embeddings were utilized 

Fig. 5.  Evaluation of Model Calibration and Risk Stratification Performance under Few-shot Settings: (a) Risk 
score distributions across models (12 month, 10/20/40 shot). (b) Model-wise Kaplan–Meier survival curves 
stratifying patients into low and high-risk groups.

 

Scientific Reports |         (2026) 16:4037 7| https://doi.org/10.1038/s41598-025-34134-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


as the DPI, providing semantically rich encoding of tumor characteristics without requiring manual labeling and 
demonstrating strong transferability across heterogeneous clinical datasets. Additional implementation details 
are provided in Supplementary 1 and Table S2.

Clinical variables and missing data handling
Structured clinical variables included patient age, KPS, EOR, and IDH mutation status. For tabular clinical 
variables, missing values were imputed using the mean (for continuous variables) or mode (for categorical 
variables) calculated from the available samples within the same dataset. In cases where a particular clinical 
variable was entirely missing across all samples in a dataset (e.g., KPS in the UCSF cohort), we imputed missing 
values using the mode or mean from another internal cohort with similar clinical characteristics. The integration 
of clinical and genetic variables into the survival prediction model involved preprocessing numerical variables, 
where age was standardized using Z-scores and KPS was scaled to a [0, 1] range using min-max normalization. 
Binary variables such as EOR, IDH, and MGMT, as well as the ordinal variable WHO grade, were used in their 
original form without one-hot encoding.

Model architecture and survival prediction
The proposed Deep Multimodal Survival Model (DeepMSM) is a multi-modal deep learning-based survival 
model which learns the distribution of time-to-event outcomes to assess the individualized risk of cancer 
progression utilizing both 3D MRIs and clincal variables. In this study, the time-to-event outcome indicates 
the time at which cancer-specific death occurs, or the time at which a patient is right-censored (i.e., lost to 
follow-up). DeepMSM consists of three key components as illustrated in Fig. 1: the 3D-ViT vision backbone 
for extracting the DPIs from MRIs (i.e., the image encoder), a modality fusion layer for concatenating the 
embedding from the image encoder and the clinical variables, and a survival prediction head (i.e., an MLP with 
a sigmoid function) that integrates embeddings from the MRIs and those from clinical variables to provide 
time-dependent conditional hazard estimates (i.e., the hazard network). These conditional hazard estimates are 
then accumulated to calculate the individualized survival predictions. The model is initially trained based on 
the negative log-likelihood loss function to account for right-censored patients. To train our network to our 
relatively small dataset with high-dimensional 3D MRIs and tabular-based clinical variables, we regularize the 
network by freezing the pretrained 3D-ViT vision backbone and by sharing the same hazard network across 
different time horizons, as suggested in Lee et al.26.

Few-shot learning for external validation
To simulate data-limited clinical scenarios for external validation, our model trained on the internal training set 
was externally validated under five supervision levels: 0-shot which indicates the pretrained model is directly 
applied for external validation, and 5-, 10-, 20-, and 40-shot which indicates finetuning the pretrained DeepMSM 
with a small number of labeled samples (shots) in the external training set (n = 40). We denote the few-shot 
finetuned version of DeepMSM as FA-DeepMSM (i.e., Few-shot Adapted DeepMSM). For efficient adaptation, 
we adopt a linear probing approach, in which only the last projection layer of the survival prediction head is 
fine-tuned, with all preceding layers kept frozen. This strategy is applied to a model pretrained on a large-scale 
internal dataset.

More specifically, we performed the following procedure: we first randomly selected 40 patients for few-shot 
training from the entire external cohort (n = 452), using the remaining held-out 412 patients as the external 
testing set. This few-shot approach was used to help the models trained with the internal data generalize well 
to out-of-distribution samples—which included only GBM cases collected from different hospitals/countries. 
We evaluated two external validation scenarios: (i) zero-shot scenario, where the internally trained models are 
directly applied without fine-tuning, and (ii) few-shot scenario, where we randomly selected 5, 10, 20, or 40 
external samples to fine-tune the internally-trained model. Notably, the traditional ML models cannot be fine-
tuned and thus are retrained from scratch on the few-shot samples, using the identical model configurations and 
hyperparameters from the internally-trained models.

Machine learning-based survival prediction
For comparison, we utilized the Cox proportional hazards (Cox PH) model27 and the random survival forest 
(RSF) model28, an ensemble of survival trees which estimates the cumulative hazard function without the 
proportional hazard assumption. These baseline survival models utilize both MRI-derived DPIs from the 
trained vision backbone, and clinical and genetic variables—including age, sex, KPS, EOR, WHO grade, glioma 
pathology type, IDH mutation status, and MGMT methylation status —for survival prediction.

Evaluation metrics and ablation strategy
Given our model’s ability to capture the time-varying effect of MRIs and clinical variables, we employed the 
time-dependent C-index29 and time-dependent Brier scores30 for assessing discrimination performance and 
calibration performance, respectively, at multiple clinically meaningful evaluation time horizons. We conducted 
modality ablation studies based on the proposed deep learning-based survival model (DSM) to quantify the 
contribution of each input source (image-only, clinical-only, and combined). This involved training distinct 
deep survival models based on our proposed architecture, with each model exclusively using features from its 
corresponding modality (i.e., only image or only clinical inputs, respectively).

For model development and internal validation, we split the internal data into a random 80/20 training/
testing split, i.e., 80% of the study population (n = 1087) for training and the remaining 20% (n = 272) held 
out for testing. For hyper-parameter optimization and early stopping, we further split the training data into 
75/25 training/validation split, which gives 815 training samples and 272 validation samples. To ensure robust 
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evaluation, we performed bootstrapping of 272 patients on the testing set with 100 iterations. For this cohort, the 
time-dependent C-index and Brier score were assessed at 3, 6, 12, 24, and 48 months since diagnosis.

For external validation, the performance evaluation was conducted on the same external testing set (n = 412) 
for both zero-shot and few-shot scenarios. We performed bootstrapping of 412 patients on the external testing 
set with 100 iterations. Consistent with the internal validation, we used the time-dependent C-index and Brier 
score, but adjusted the evaluation time horizons to 3, 6, 12, 18 and 24 months to reflect the shorter survival 
times observed in the external cohort. The effectiveness of few-shot adaptation was analyzed by examining 
performance trends across different shot levels.

Time-dependent interpretability
To interpret model outputs, we implemented a post-hoc time-dependent interpretability module based on 
the permutation-based variable importance. In particular, for each tabular clinical variable and MRI-derived 
DPI embeddings, we randomly permuted across individuals and quantified the performance drop in the time-
dependent C-index of the trained model resulting from the broken relationship between the permuted feature 
and the true outcome. Based on these time-dependent interpretability modules, we estimated the dynamic 
prognostic relevance of each feature over survival time. This allowed us to visualize when and how specific 
variables—such as IDH mutation or T1CE embedding—contributed most to predicted risk, enabling us to 
understand the time-varying effect of each feature on survival predictions.

Statistical analysis
Model performance was assessed using the time-dependent C-index and the time-dependent Brier score with 
95% CI, respectively. The performance of the multimodal survival models was compared against naive survival 
models trained solely on imaging or clinical data alone. Statistical significance of the performance improvements 
was conducted using a paired Student’s t-test. To evaluate the prognostic efficacy of the DPI, Kaplan-Meier 
survival analysis.

All statistical analyses were conducted using Python with the scipy, torchsurv, sklearn, sksurv, and lifelines 
libraries. A p-value of less than 0.05 was considered statistically significant, and all CIs were reported at the 95% 
level.

Discussion
We developed a few-shot multimodal survival prediction framework for diffuse glioma using self-supervised 
image embeddings and clinical variables. By extracting high-dimensional MRI features with DINOv2-
pretrained vision transformers (Fig. 1a), we integrated them with clinical data for survival prediction under 
low-data regime (Fig. 1b). Our findings show that few-shot adaptation improves image feature contribution to 
survival prediction, highlighting the potential of foundation vision models in neuro-oncology. Time-dependent 
interpretability analysis revealed variable-level prognostic importance with the model generalizing well from 
diffuse glioma to glioblastoma, improving performance despite distribution differences.

While recent multimodal models show promise, their performance often degrades in external validation due 
to data distribution shifts and overfitting to high-dimensional imaging features. In our analysis, the clinical-only 
model exhibited a 11.1% relative drop in C-index (from 0.749 to 0.666), whereas the multimodal model suffered 
an even greater 18.4% decrease (from 0.788 to 0.643) when applied to the external cohort. Models using only 
clinical variables or conventional machine learning often outperform multimodal models on external cohorts31.
This performance gap is largely attributable to the particular vulnerability of imaging features to domain shifts 
such as scanner variability and acquisition protocol differences32,33. To mitigate these limitations and fully 
leverage the representational power of multimodal models, we propose a few-shot adaptation strategy that aligns 
imaging and clinical modalities in a data-efficient manner.

Our strategy fundamentally diverges from existing multimodal approaches to resolve these specific limitations. 
The predominant paradigm in current multimodal survival analysis involves feeding extracted deep embeddings 
directly into statistical models such as CoxPH21,22. However, this approach forces high-dimensional, complex 
multimodal features into a framework constrained by the proportional hazards assumption, limiting the ability 
to model non-linear and time-varying dynamics. Conversely, recent complex fusion architectures (e.g., cross-
attention9, transformer predictors23 swing to the opposite extreme, dramatically increasing complexity and 
amplifying overfitting risks in data-scarce settings. In contrast, our approach prioritizes parameter efficiency. 
We achieve this by coupling a lightweight neural hazard network—which inherently handles non-linearity 
unlike CoxPH—with a frozen, self-supervised pretrained encoder. This architectural decision minimizes 
trainable parameters, directly mitigating the risk of overfitting while facilitating robust adaptation to new clinical 
environments.

A key contribution of our study is demonstrating that self-supervised MRI embeddings can generalize 
across multiple institutions and scanner protocols, even with a small number (n = 40) of labeled training cases. 
Previous glioma prognostication studies, including multimodal approaches, have relied on fully supervised 
methods or handcrafted radiomic features, requiring extensive annotation and often failing to generalize to 
out-of-distribution samples. In contrast, our approach captures latent imaging phenotypes efficiently, showing 
consistent predictive performance improvements across internal and external datasets. Notably, the model 
maintained robust performance in IDH wild-type glioblastoma, a clinically challenging subgroup with molecular 
heterogeneity. In the internal set, the clinical-only deep learning model achieved a time-dependent C-index of 
0.749 (95% CI: 0.742–0.755), while the image-only model with self-supervised embeddings scored 0.697 (95% CI: 
0.692–0.702), indicating that imaging features alone capture meaningful but incomplete prognostic information. 
In contrast, DeepMSM, integrating both clinical and MRI data, achieved the highest C-index of 0.788 (95% CI: 
0.782–0.793), emphasizing the complementary nature of tabular and imaging modalities. Multimodal CoxPH 

Scientific Reports |         (2026) 16:4037 9| https://doi.org/10.1038/s41598-025-34134-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


and RSF models yielded C-indices of 0.760 (95% CI: 0.753–0.767) and 0.771 (95% CI: 0.767–0.775), respectively 
(Table 1). These results demonstrate that the proposed deep learning–based model is able to effectively capture 
long-term survival patterns by integrating imaging and tabular clinical variables. In the external GBM cohort, 
the DeepMSM model without adaptation (0-shot) achieved an average C-index of 0.643 (95% CI: 0.638–0.647), 
highlighting performance limitations under domain shift. In contrast, FA-DeepMSM, trained with only 40 
labeled samples from the target domain, significantly improved the C-index to 0.680 (95% CI: 0.676–0.683), a 
5.7% relative improvement, clearly demonstrating the effectiveness of minimal adaptation for cross-institutional 
generalization (Table 2; Fig. 2b). FA-DeepMSM began to surpass its zero-shot baseline from the 10-shot setting 
onward, with performance consitantly increasing as more adaptation samples were used—unlike CoxPH, whose 
performance remained largely unchanged, or RSF, which consistently exhibited lower performance (Fig. 2a). 
In addition, FA-DeepMSM consistently outperformed the unimodal models using only image or those using 
only clinical variables, demonstrating the strength of integrating multimodal information in achieving higher 
discriminative power even when applied to the external cohort. Specficially, in the 40-shot setting, the tabular-
only model achieved a C-index of 0.657 (95% CI: 0.653–0.661), while the image-only model showed a lower 
performance of 0.621 (95% CI: 0.617–0.625). In contrast, the multimodal FA-DeepMSM achieved the highest 
performance with a C-index of 0.674 (95% CI: 0.671–0.678) (Table 2).

Despite growing interest in multimodal deep learning, recent studies highlight its vulnerability to domain 
shifts. For instance, Silva-Rodríguez et al. (2024)34 found that multimodal models frequently failed to generalize 
across institutions, even when using sophisticated pretraining. To address this, we deployed our few-shot 
adaptation framework based on a linear probing strategy that fine-tunes only the final layer of the hazard 
estimator (Fig. 1b). This mitigates overfitting due to the relatively large model capacity in low-data regime35. 
Our ablation study on few-shot adaptation shows that the proposed framework can overcome early-stage inter-
modal misalignment (i.e., between image and clinical variables) when applied to the external cohort. Specifically, 
at low shot levels (n = 0, 5, and 10), clinical variables alone dominated survival prediction, while imaging features 
either contributed negatively to performance or remained neutral. However, as the number of labeled samples 
increased (n = 20, 40), the model learned to exploit imaging representations more effectively, with consistent 
C-index gains attributable to image features from 10 to 40 shots. This suggests that our few-shot adaptation 
effectively aligns heterogeneous modalities in a clinically coherent manner even with a small number of –
samples34,35.

A key clinical implication of this work is its ability to accommodate the considerable practice variability across 
neuro-oncology centers. Differences in the extent of resection (e.g., supramaximal versus conventional resection), 
access to anti-VEGF agents such as bevacizumab or cediranib, adoption of immune checkpoint inhibitors (e.g., 
PD-1/PD-L1 blockade), and the selective use of targeted agents such as vorasidenib for non-enhancing IDH-
mutant gliomas collectively create center-specific survival patterns that hinder the generalizability of externally 
trained models. By leveraging self-supervised image embeddings extracted from large heterogeneous public 
benchmarks via a 3D ViT–based DINOv2 backbone, the proposed framework maximizes the prognostic 
value contained in MRI while maintaining robustness under substantial domain variability. By enabling local 
calibration with only a small number of institution-specific samples, the few-shot adaptation strategy in FA-
DeepMSM provides a practical means of constructing locally aligned prognostication models without full 
retraining, thereby improving applicability across heterogeneous treatment environments.

Time-dependent interpretability analysis based on the permutation-based feature importance revealed 
interesting time-varying prognostic contributions. Age exhibited greater prognostic importance in the external 
GBM-only cohort than in the internal dataset (Fig. 3a), likely reflecting its established role as a key clinical 
factor in GBM. This observation is consistent with previous study identifying age as an independent prognostic 
factor in GBM patients31. EOR showed peak prognostic importance in early period (i.e., postoperative 3–12 
months), which is consistent with previous study36,37, while the prognostic impact of MGMT methylation 
was most prominent after 18 months, reflecting its role in early treatment response, especially in relation to 
surgical tumor reduction and sensitivity to chemotherapy38,39 As shown in Fig. 3b, this delayed importance was 
particularly evident in the internal cohort, where MGMT’s contribution increased over time, likely due to the 
prognostic role of chemosensitivity in IDH-mutant diffuse gliomas30. In contrast, in the external GBM-only 
cohort, MGMT significance plateaued or slightly decreased over 12 months, consistent with previous findings 
that long-term predictive value may be attenuated in this subgroup40,41. Supplementary Fig. 5 shows a steady 
increase in the contribution of image features as the number of few-shot samples increases, suggesting that few-
shot fine-tuning enabled effective domain adaptation of image embeddings to the external GBM cohort. This is 
highly valuable for glioblastoma clinical trials of novel treatment such as IDH-inhibitor, or vorasidenib, where 
robust and interpretable prognostication is urgently required42.

In the patient-specific interpretation, Grad-CAM visualizations revealed that the model’s attention aligned 
well with annotated tumor regions, supporting the biological plausibility and interpretability of the framework 
(Fig. 3). Importantly, the individualized survival curves demonstrated the model’s ability to differentiate between 
patients with distinct clinical and molecular risk profiles. In Fig. 3, the lower predicted survival probability in 
a patient with IDH-wildtype glioblastoma and subtotal resection reflects known poor prognostic factors, while 
a more favorable trajectory was observed in a patient with IDH-mutant astrocytoma and gross total resection. 
These findings suggest that the model not only captures spatially relevant tumor characteristics but also integrates 
multimodal features in a clinically coherent manner, highlighting its potential utility in personalized survival 
estimation and risk stratification.

Interestingly, deep survival models utilizing multiple modalities showed better calibrated risk scores, 
compared to those using unimodal (i.e., image-only or clinical-only) features, a finding consistent with previous 
study10. This calibration appeared to improve progressively as more data (i.e., shots) were utilized in the few-
shot adaptation process (Fig. 5a). These observations suggest that multimodal deep learning, particularly when 
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enhanced with few-shot adaptation, may offer a strategy to mitigate the overconfidence often seen in survival 
prediction models—a widely recognized challenge in the field43. The clear distinction between the risk groups 
in Fig. 5b reflects the model’s ability to assign clinically meaningful risk scores that correspond well with actual 
survival outcomes.

Despite the promising performance and generalizability demonstrated in our study, several limitations 
should be acknowledged. First, while we curated and utilized one of the largest combined public and private 
datasets available for diffuse glioma, the overall sample size is still relatively limited when compared to the scale 
of datasets typically used in foundation model development. Nevertheless, we maximized the inclusion of all 
available survival-labeled data to build a robust and clinically meaningful benchmark for survival prediction. 
Expanding this approach to larger and more heterogeneous multi-institutional cohorts in future work could 
further improve the model’s performance and external generalization. Second, although our use of a self-
supervised learning strategy (DINOv2) helped minimize the need for manual annotations, the image encoder 
was still trained exclusively on glioma cases with survival labels. This introduces a risk of bias toward specific 
tasks or disease subtypes. To develop a more generalizable foundation model for neuro-oncology, future efforts 
should explore pretraining on a broader range of unlabeled brain MRI images—including healthy subjects, 
other neuropathologies, and various imaging protocols—to capture task-agnostic and domain-invariant 
representations With continued expansion of diverse training data, we expect the proposed framework to evolve 
into a foundation model for survival prediction in neuro-oncology. Third, the imputation of missing clinical 
variables using cohort-specific mean or mode values may introduce bias by smoothing clinically meaningful 
variability. Although this is a common strategy in large-scale clinical modeling, more advanced imputation 
approaches may further reduce this limitation. Fourth, our external validation relied on a single dataset composed 
exclusively of glioblastoma, which constrains the extent of external generalizability that can be demonstrated. 
Additional multi-institutional and multi-subtype validations will be necessary as more benchmark datasets 
become available.

In conclusion, our few-shot multimodal framework demonstrates that self-supervised image embeddings 
can be adapted to produce accurate, interpretable survival predictions in glioma using limited labeled data. By 
addressing longstanding challenges in image–clinical alignment, generalizability, and interpretability, this study 
contributes to the development of scalable and trustworthy AI solutions for neuro-oncology.

Data availability
The in-house datasets are not publicly accessible due to hospital regulations to protect patient privacy. Restricted 
access may be granted on reasonable request by contacting the corresponding author.

Code Availability
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