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Abstract Accurate survival prediction for patients with high-grade glioma is important for prognostic 
assessment and personalized treatment planning; however, substantial intratumoral heterogeneity, 
complex multimodal MRI patterns, and limited interpretability challenge existing deep learning approaches. 
This study aims to develop ProtoSurv-X, an explainable and uncertainty-aware framework for MRI-based 
glioma survival prediction that integrates probabilistic tumor habitat modeling, prototype-guided learning, 
evidential prediction, and evidence-grounded clinical explanations. A unified cohort was constructed from 
the BraTS 2019 and BraTS 2020 datasets by removing duplicate subjects, resulting in 369 unique subjects, 
including 118 gross total resection patients with complete survival annotations. The proposed framework 
uses diffusion-enhanced SwinUNETR for tumor segmentation, probabilistic habitat construction, and 
fusion of radiomic, deep imaging, habitat, and age-related features. Prototype learning and survival-aware 
contrastive learning generate prognostic representations, while Evidential Deep Learning estimates risk 
and predictive uncertainty alongside continuous survival regression. For explanation generation, seven 
open-source large language models were benchmarked using structured model evidence, and a Meta-
Llama-3.1-8B-Instruct model was fine-tuned using QLoRA. In five-fold cross-validation on the unified 
survival cohort, ProtoSurv-X achieved a mean absolute error of 145.2 ± 6.5 days, an RMSE of 189.4 ± 8.3 
days, a C-index of 0.745 ± 0.008, and an integrated Brier score of 0.124. The segmentation module achieved 
Dice scores of 91.24%, 87.38%, and 81.76% for whole tumor, tumor core, and enhancing tumor, 
respectively, on BraTS 2019. The fine-tuned explanation model obtained a BERTScore of 0.915 and a 
hallucination rate of 2.6%. These findings indicate that ProtoSurv-X offers a unified computational 
framework for accurate, uncertainty-aware, and evidence-grounded glioma prognostic modeling, while 

further clinical and multicenter validation remains necessary. 

Keywords: Glioma Survival Prediction; Diffusion-Enhanced SwinUNETR; Tumor Habitat Modeling; 
Prototype Learning; Evidential Deep Learning; Clinical Reasoning

I. Introduction  

Gliomas are highly aggressive brain tumors 
characterized by profound intra-tumoral heterogeneity, 
making accurate pre-operative survival prediction 
essential for personalized treatment planning and risk 
stratification. While multi-parametric magnetic 
resonance imaging (MRI) is the primary diagnostic 
modality, predicting survival remains challenging 
because prognostic information is distributed across 
complex, localized tumor sub-regions. Although deep 
learning architectures like SwinUNETR achieve state-
of-the-art tumor segmentation on the BraTS 
benchmark, conventional pipelines generate hard, 
deterministic boundary masks that discard critical 
spatial uncertainty. Transitioning from deterministic 
masks to probabilistic tumor habitat modeling directly 

addresses this gap by preserving anatomical ambiguity 
and infiltrative uncertainty at tumor boundaries, 
providing downstream prognostic models with a higher-
fidelity representation of intra-tumoral 
aggressiveness. MRI-based survival prediction has 
recently received considerable attention. Early 
approaches relied on handcrafted radiomic features 
and conventional machine learning, whereas recent 
methods employ deep learning, graph neural networks 
(GNNs), and transformer architectures to learn 
prognostic representations directly from imaging data. 
For example, MTC-Net combines CNNs and 
transformers for joint segmentation and survival 
prediction, while cooperative GNNs model structural 
relationships across MRI modalities to improve 
prognostic performance [1,2]. Likewise, multimodal 
prototype learning frameworks, such as Multimodal 
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Prototyping for Cancer Survival Prediction (MMP), 
demonstrate the effectiveness of prototype-based 
representations for interpretable survival modeling 
across heterogeneous biomedical data [3]. However, 
these deep learning architectures predominantly rely 
on global image representations or whole-tumor 
feature pooling, which fundamentally fails to capture 
intra-tumoral complexity. By averaging all regions 
together, existing models fail to capture the habitat-
specific patterns needed for accurate risk stratification. 
Moreover, prototype-based methods such as MMP 
were mainly developed for 2D pathology images and 
do not effectively model the complex multi-modal 
interactions present in 3D brain MRI. Reliable oncology 
prognostication requires both accurate uncertainty 
estimation and clear interpretability. Although 
evidential models such as DPSurv [4] estimate 
uncertainty using disease prototypes, they were 
developed mainly for 2D pathology images and are not 
designed for high-dimensional 3D multi-parametric 
MRI. Saliency maps highlight image regions but do not 
explain the clinical basis of predictions. Similarly, 
although Large Language Models (LLMs) can generate 
fluent reports, they often produce explanations that are 
not grounded in quantitative model evidence, 
increasing the risk of hallucinations and limiting their 
reliability for survival prediction. 

To address these limitations, we propose ProtoSurv-X, 
a unified prognostic framework that integrates 
probabilistic tumor habitat modeling, prototype-guided 
survival learning, and evidence-grounded natural 
language explanation. This study aims to develop an 
interpretable MRI-based glioma survival prediction 
framework that integrates probabilistic tumor habitat 
modeling, prototype-guided survival learning, 
uncertainty estimation, and evidence-grounded LLM 
explanations. The main contributions of this work are 
summarized as follows: 

1. We introduce a habitat-aware prototype learning 

strategy that discovers clinically meaningful 

prognostic archetypes from fused radiomic, deep 

imaging, habitat, and clinical representations. 

2. We jointly optimize survival-aware contrastive 
learning and Evidential Deep Learning to improve 
continuous survival prediction while providing 
calibrated predictive uncertainty and improved 
prognostic interpretability.  

3. We implement an evidence-grounded LLM 

explanation generator that combines zero-shot 

model selection with QLoRA-based instruction 

fine-tuning, translating deterministic survival 

metrics into reliable, hallucination-resistant clinical 

reports 

 

II. Related Work 

A. Brain Tumor Segmentation 

Automated brain tumor segmentation is a fundamental 
task in neuro-oncology, providing accurate delineation 
of tumor regions for diagnosis, treatment planning, and 
quantitative analysis. Early deep learning methods, 
including  U-Net proposed by Ronneberger et al [5], V-
Net proposed by Milletari et al [6], and nnU-Net 
developed by Isensee et al. [7], established strong 
baselines; SwinUNETR, proposed by Hatamizadeh et 
al. [8], significantly improved multi-scale feature 
learning and segmentation performance. 
Representative methods include M3AE proposed by 
Zhang et al. [9], SMML proposed by Liu et al [10], and 
the prompt-guided framework of Zhao et al. [11], which 
combine modality reconstruction, self-supervised 
learning, and semantic guidance to maintain 
segmentation accuracy under incomplete imaging 
conditions. Recent studies have further explored 
advanced representation learning strategies, including 
modality decomposition and graph-based reasoning. 
Wang et al.'s KMD [12] disentangles shared and 
modality-specific representations, while Tao et al. [13] 
employ graph neural networks to model relationships 
among multiple MRI modalities.  

B. MRI-Based Survival Prediction 

Recent advances have shifted toward deep learning-
based survival prediction frameworks that learn 
prognostic representations directly from 
multiparametric MRI data. Mazumdar and 
Mukhopadhyay proposed [14] the Multi-Scale 
Transformer CNN Network (MTC-Net), which 
integrates convolutional feature extraction. Similarly, 
Datta et al [15]. introduced a multimodal exponential 
moving average guided framework that jointly 
integrates MRI-based tumor segmentation and survival 
prediction through knowledge distillation, thereby 
mitigating the limitations associated with disjointed 
radiomic pipelines.  Cao et al. [1] proposed a 
Cooperative Multiplex Graph Neural Network (GNN) 
that models intra- and inter-modal relationships from 
multi-modal MRI to improve glioma survival prediction. 
Song et al. [3] proposed Multimodal Prototyping for 
Cancer Survival Prediction (MMP), which summarizes 
large scale imaging and omics representations. Qu et 
al. [16] introduced MDCS-MoAME, leveraging 
multimodal pathology and genomic information through 
Mamba-based representation learning.  

C. Prototype Representation Learning 

Prototype learning represents patients using 
representative disease archetypes rather than opaque 
latent features.Early studies, such as Shao et al.'s [17] 
PANTHER, demonstrated that morphological 
prototypes can effectively summarize heterogeneous 
tissue patterns, improving classification, survival 
prediction, and interpretability in computational 
pathology .Wu et al. [18] proposed a Pathology-Aware 
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Mixture-of-Experts (PAMoE) framework that learns 
tissue specific experts capable of specializing in distinct 
intratumoral structures. Song et al. [3] extended 
morphological prototyping to the multimodal 
domain(MMP), combining WSI prototypes with 
biological pathway prototypes derived from 
transcriptomic data to reduce computational 
complexity.  Li et al. [4] introduced the DPsurv 
framework, a dual-prototype evidential fusion 
architecture for WSI survival prediction, employing 
prototype assignment mechanisms to identify 
representative tissue patterns. 

D. LLM-Based Clinical Explanation  

Large Language Models (LLMs) have recently 

emerged as powerful tools for clinical decision support, 

medical question answering, report generation, and 

multimodal reasoning. Among these developments, Li 

et al. [19] developed LLaVA-Med, which extended 

vision-language instruction tuning to the biomedical 

domain by enabling conversational reasoning over 

medical images and visual question answering tasks.  

Similarly, Wu et al. [20] introduce RadFM, a large-scale 

radiology foundation model capable of jointly 

processing 2D and 3D medical imaging data for 

diagnosis and report generation. Kandala and GVS [21] 

proposed an interpretable diagnostic pipeline 

combining concept bottleneck learning, SHAP-based 

explanations, and LLM-driven clinical reasoning 

generation. Li et al. [22] demonstrated that LLM-based 

evaluators frequently achieve moderate-to-strong 

agreement with human experts across clinical decision 

support, medical question answering, and clinical text 

generation tasks, providing a scalable alternative for 

evaluating complex clinical narratives. To address 

these limitations, we propose a unified MRI-based 

glioma prognosis framework integrating tumor habitat 

modeling, prototype-guided survival prediction, 

evidential uncertainty estimation, and evidence-

grounded LLM-based clinical explanation generation. 

 

III. Methods 

ProtoSurv-X is a five-stage framework for interpretable 
MRI-based glioma survival prediction, comprising MRI 
preprocessing, Diffusion-Enhanced SwinUNETR tumor 
segmentation, habitat-aware feature extraction, 
prototype-guided evidential survival prediction with 
contrastive learning, and LLM-based, evidence-
grounded clinical explanation generation, as shown in 
Fig. 1. 

A. Dataset and Preprocessing 

The survival cohort was constructed following the 
official BraTS survival prediction protocol. Only patients 
with Gross Total Resection (GTR), complete overall 

survival (OS), and age information were included. 
Duplicate subjects between the cumulative BraTS 2019 
[2] and BraTS 2020 [23] datasets were removed using 
patient identifiers, resulting in a unified cohort of 369 
unique imaging subjects, of which 118 GTR 
subjects were eligible for survival prediction. The final 
dataset was split into patient-level training, validation, 
and test sets to prevent data leakage and ensure 

unbiased evaluation. 

B. Tumor Segmentation via Diffusion-Enhanced 
SwinUNETR 

Given a multi-parametric MRI volume 𝑋 =
{𝑋𝑇1, 𝑋𝑇1𝑐𝑒, 𝑋𝑇2, 𝑋𝐹𝐿𝐴𝐼𝑅} , we integrate a lightweight 

diffusion-based feature enhancement module 
directlybefore the SwinUNETR patch embedding 
encoder to refine structural boundaries and suppress 
acquisition noise prior to representation learning. In the 
forward 
 diffusion process, Gaussian noise is iteratively added 
to the input imaging features over T = 1000 timesteps 
using a cosine noise schedule [35] 𝛽𝑇𝜖[10−4, 0.02] as 

illustrate in Eq. (1) [36] 

𝑞(𝑥𝑡|𝑥0) = 𝑁(𝑥𝑡: √𝛼𝑡̅̅ ̅𝑥0(1 − 𝛼𝑡)𝐼) (1) 

where 𝑥0 is the original MRI feature volume, 𝑥𝑡 is the 

noisy feature at timestep 𝑡, 𝛼𝑡 is the cumulative noise-

retention coefficient, ∈ is Gaussian noise, 𝑡 is the 
diffusion timestep, and 𝑇 = 1000 is the total number of 

timesteps. Where  𝛼𝑡 = 1 − 𝛽𝑡   and 𝛼𝑡̅̅ ̅ = ∏ 𝛼𝑠
𝑡
𝑠=1 . A 

denoising network 𝑐0 is trained to predict the injected 

noise by minimizing the standard diffusion objective, 
which is jointly optimized with the segmentation loss, 
as computed in Eq. (2) [35]. 

𝐿𝑑𝑖𝑓𝑓 = 𝐸𝑥0,ℰ,𝑡[||𝑐 − 𝑐0(𝑥𝑡,𝑡)||2] (2) 

During inference, a 20-step DDIM sampling generates 
an enhanced volume. The hierarchical SwinUNETR 
processes 𝑥̂ to output voxel-wise soft probability maps 

for the enhancing tumor (ET), necrotic core (NCR), and 
edema (ED), denoted  
𝑃̂ = {𝑃̂ET, 𝑃̂NCR , 𝑃̂ED } where p̂𝑘(𝑣) 𝜀 [0,1], for 

𝜅 𝜖 {𝐸𝑇, 𝑁𝐶𝑅, 𝐸𝐷}, represents the predicted probability 

that voxel 𝑣 belongs to the corresponding tumor sub-

region.. To propagate segmentation uncertainty into 
prognostic modeling, clinically relevant regions are 
probabilistically aggregated and bounded to [0, 1] for 
the whole tumor (WT), tumor core(TC), and Enhancing 

Tumor (ET) in Eq. (3) [2] [23] where 𝑃̂𝑊𝑇  and 

𝑃̂𝑇𝐶  denote the probabilistic whole-tumor and tumor-

core maps at voxel vv, respectively. 

                𝑃̂𝑊𝑇 = 𝑚𝑖𝑛(1, 𝑃̂𝐸𝑇 + 𝑃̂𝑁𝐶𝑅 + 𝑃̂𝐸𝐷)  

𝑃̂𝑇𝐶 = 𝑚𝑖𝑛(1, 𝑃̂𝐸𝑇 + 𝑃̂𝑁𝐶𝑅) (3) 

C. Tumor Habitat Construction and Multi-Stream 
Feature Extraction 
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To capture intratumoral heterogeneity, the soft 
segmentation maps are utilized to define distinct 
morphological “habitats”, including the active enhancing 
region, the necrotic core, the surrounding edema, and 
the biologically critical tumor boundary margin. 
Enhancing, necrotic, and edema habitats were derived 
from probabilistic segmentation maps, while the 
boundary-margin habitat was extracted from tumor 
probability edges. Probabilistic aggregation preserved 
overlapping characteristics. For each patient, features 
from four domains were fused into a unified multi-stream 
vector Radiomics Features (frad): Extracted using 

PyRadiomics, capturing shape, first-order statistics, and 
texture matrices from the regional probability maps. 
Deep ViT Features ((fdeep): High-dimensional spatial 

embeddings extracted from the SwinUNETR 
bottleneck.Habitat Features (𝑓ℎ𝑎𝑏): Volumetric and 

intensity interaction metrics between the defined tumor 
habitats. Clinical Features ( (𝑓𝑐𝑙𝑖𝑛): Patient age, serving 

as a foundational demo-graphic prognosticator. The 
initial patient representation is obtained via 
concatenation shown in Eq.(4) [3]. 

𝐹concate = 𝑓𝑟𝑎𝑑⨁𝑓𝑑𝑒𝑒𝑝 ⊕ 𝑓ℎ𝑎𝑏 ⊕ 𝑓𝑐𝑙𝑖𝑛 (4) 

where 𝐹concate denotes the concatenated feature vector 

and  ⊕ denotes concatenation. 

D. Multimodal Feature Filtering and Latent 
Projection 
Because 𝐹𝑐𝑜𝑛𝑐𝑎𝑡   contains high dimensional 
SwinUNETR embeddings alongside exhaustive multi-
regional radiomic texture matrices, the dimensionality 
of the concatenated feature vector can substantially 

exceed the number of available survival cases (𝐷𝑖𝑛 ≫
𝑁). To reduce redundancy and overfitting, filtered 
radiomic features and multimodal representations are 
projected into a compact prognostic latent space 
through an MLP bottleneck with BN, Dropout, and 
LeakyReLU(denotes Leaky Rectified Linear Unit 
activation function) Eq.(5) [3] 

𝐹 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 (LeakyReLU (𝐵𝑁(𝑊𝑃  𝐹𝑐𝑜𝑛𝑐𝑎𝑡 + 𝑏𝑝))) (5) 

Where 𝐵𝑁 represents Batch Normalization,  𝑊𝑝 ∈

ℝ𝑑×𝐷𝑖𝑛and 𝑏𝑝 ∈ ℝ𝑑are learnable projection parameters, 

and 𝐷𝑖𝑛 represents the dimension of the target latent 

space. This reduction yields the final, dense patient 

representation𝐹𝜖ℝ𝑑. The parameters of the projection 

block (𝑊𝑝 , 𝑏𝑝)are optimized jointly with the prototype 

learning and survival prediction objectives, allowing the 
latent representation 𝐹 to dynamically adapt to 

prognostic information during training. 
E. Evidential Survival Prediction with Prototype 
Learning 
The proposed framework performs survival prediction 
using a prototype-guided evidential learning strategy. 
The objective is to learn representative prognostic 
patterns from the training cohort while simultaneously 
quantifying predictive uncertainty. To achieve this, 
Prototype Learning is first employed to discover latent 
survival-related disease archetypes, after which 
Evidential Deep Learning is utilized to estimate survival 
risk and associated uncertainty. 

1. Prototype Learning Module 

Given the dense patient representation 𝐹𝜖ℝ𝑑obtained 
from the latent projection block, the proposed framework 
learns a prototype memory bank consisting of 𝐾latent 

 
Fig. 1. Overview of the proposed ProtoSurv-X framework. Multi-parametric MRI and patient age are 

processed through diffusion-enhanced tumor segmentation, probabilistic tumor habitat construction, 

multimodal feature extraction, prototype-guided evidential survival prediction, and evidence-grounded LLM-

based clinical explanation generation. 
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prototypes, as computed in Eq.(6) [17] 

𝑀 = {𝑚1, 𝑚2, 𝑚3, … , 𝑚𝑘},           𝑚𝑘𝜖ℝ𝑑 (6) 

where K denotes the number of prototypes, with each 
prototype capturing a characteristic morphological and 
prognostic pattern observed in the training population. 
To determine the relationship between a patient and the 
learned prototypes, cosine similarity is computed in Eq. 
(7) [4] between the patient representation and each 
prototype: 

𝑠𝑘 =
𝐹𝑇𝑚𝑘

||𝐹||||𝑚𝑘|| + 𝜖
 , 𝑘 = 1,2,3 … , 𝐾 (7) 

where a small constant ℰ = 10−8 is added to the 
denominator for numerical stability. The similarity scores 
are normalized using a softmax operation, as illustrated 
in Eq. (8) [4]: 

𝛼𝑘 =
exp(𝑠𝑘)

∑ exp(𝑠𝑗)𝐾
𝑗=1

 (8) 

where 𝛼𝑘 represents the contribution of prototype 𝑚𝑘 to 
the current patient. A prototype-guided representation in 
Eq. (9) [4] is then constructed as a weighted aggregation 
of all prototypes: 

𝑍 = ∑ 𝛼𝑘𝑚𝑘

𝐾

𝑘=1

 (9) 

Finally, the original patient representation and the 
prototype-guided representation are concatenated. To 
maintain dimensional consistency for downstream 
modules, this concatenated representation is passed 
through a linear projection layer to obtain the final 
prognostic embedding  𝐻 that denotes the final 
prognostic embedding in Eq.(10) [4]. 

𝐻 = 𝑊ℎ[𝐹|𝑍] + 𝑏ℎ ,      𝐻 ∈ ℝ𝑑 (10) 

where [𝐹|𝑍]   denotes feature concatenation, 
and 𝑊ℎ ℰ ℝ𝑑×2𝑑  and 𝑏ℎ 𝜖ℝ𝑑   are learnable projection 
parameters. This formulation encourages patients with 
similar tumor morphology, habitat composition, and 
clinical characteristics to be mapped toward common 
prognostic prototypes, thereby improving interpretability 
and facilitating clinically meaningful explanation 
generation. 

2. Prototype Memory Optimization 

To ensure that the memory bank M learns biologically 
and clinically meaningful archetypes rather than 
collapsing into arbitrary latent vectors, the prototypes are 
jointly optimized with the network parameters. The 
prototype optimization loss 𝐿𝑝𝑟𝑜𝑡𝑜  is explicitly formulated 

as the sum of a clustering loss and a diversity loss,, as 
derived in Eq. (11) [4] 

𝐿𝑝𝑟𝑜𝑡𝑜 = 𝐿𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝛾𝐿𝑑𝑖𝑣, (11) 
where 𝛾is a balancing hyperparameter. The clustering 
loss is calculated as in Eq. (12) [4]  

𝐿𝑐𝑙𝑢𝑠𝑡𝑒𝑟 =
1

𝑁
∑ ||𝐹𝑖 − 𝑍𝑖2

2

𝑁

𝑖=1

 (12) 

Minimizes the mean squared error between the original 
patient feature 𝐹𝑖 and its prototype-reconstructed 
representation 𝑍𝑖, and N is the number of patients, 
forcing the prototypes to faithfully anchor the actual data 
distribution. To prevent mode collapse, the diversity loss 
minimizes the cosine similarity between distinct 
prototypes, ensuring they capture diverse and non-
redundant tumor morphologies, as derived in Eq.(13) [4]  
where Ldivdenotes the diversity loss. 

𝐿𝑑𝑖𝑣 = ∑ ∑
𝑚𝑗𝑚𝑘

||𝑚𝑗|| ||𝑚𝑘|| + 𝜖𝑘≠𝑗

𝐾

𝑗=1

 (13) 

3. Survival-Aware Contrastive Learning 

To enhance prognostic representation learning, a 
survival-aware contrastive learning strategy is 
incorporated to encourage patients with similar 
survival outcomes to occupy neighboring regions in 

the latent space. Let 𝐻𝑖 , 𝐻𝑗 ∈ ℝ𝑑denote the 

prototype-guided embeddings of patients I and j. To 
elegantly capture the continuous nature of survival 
times rather than relying on hard positive and 
negative thresholds, we employ a continuous 

survival weighting scheme.𝑤𝑖𝑗 = exp (−
|𝑦𝑖−𝑦𝑗|

𝜎
) ,

𝑤𝑖𝑗𝜖{0,1} [31]. 

where 𝑦𝑖  𝑎𝑛𝑑𝑦𝑗  denote the observed survival times 

in days, and 𝜎 is a scaling parameter controlling 
temporal sensitivity. The survival-aware contrastive 
loss is then formulated as in Eq.(14) [31] [34]  

𝐿𝑆𝐶𝐿 = − ∑ log
∑ 𝑤𝑖𝑗𝑒𝑥𝑝 (

𝑠𝑖𝑚(𝐻𝑖,𝐻𝑗)

𝜏
)𝑗≠𝑖

∑ 𝑒𝑥𝑝 (
𝑠𝑖𝑚(𝐻𝑖,𝐻𝑘)

𝜏
)𝑘≠𝑖

𝑁

𝑖=1

, (14) 

where 𝑠𝑖𝑚(𝐻𝑖 , 𝐻𝑗) =
𝐻𝑖

𝑇𝐻𝑗

||𝐻𝑖||||𝐻𝑗||+𝜖
  computes the cosine 

similarity, and 𝜏 is the temperature parameter controlling 

the latent distribution to encourage survival-consistent 
clustering. 

4. Evidential Uncertainty Prediction 

Instead of generating deterministic predictions, the 
Evidential Deep Learning (EDL) module learns a 
distribution of evidence for each risk category, enabling 
simultaneous risk prediction and uncertainty estimation 
without requiring Monte Carlo sampling or ensemble 
models. Given the prototype-guided representation  𝐻, 

𝐶 denotes the evidence assigned to risk category, an 
evidential prediction head 𝑓∅ produces a non-negative 

evidence vector 𝑒 = 𝑓∅(𝐻) ≥ 0 [20]. where 𝑓∅(𝐻) 
denotes the evidential prediction network 
parameterized by ∅. The corresponding Dirichlet 

parameters are obtained as 𝛼𝑐 = 𝑒𝑐 + 1 [41] for each 

risk category 𝑐 ∈ {1, … , 𝐶}. The total evidence is 

computed as 𝑆 = ∑ 𝛼𝐶
𝐶
𝑐=1  [22] yielding the predicted 

risk probability for class 𝐶 is  𝑝𝑐 =
𝛼𝑐

𝑆
. To obtain a 
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continuous and monotonic prognostic assessment, the 
expected risk score 𝑅,  𝑆 denotes the total accumulated 

evidence and predictive uncertainty 𝑈 ,are computed as 

in Eq. (15) [41]. 

𝑅 = ∑ 𝑐𝑝𝑐

𝐶

𝑐=1

, 𝑈 =
𝐶

𝑆
 (15) 

For evidential learning, patients were categorized into 
three clinically meaningful risk groups: high-risk (overall 
survival <300 days), medium-risk (300–450 days), 
and low-risk (>450 days), following the BraTS 
survival protocol. The risk-category boundaries were 
determined using overall survival together with the 
available BraTS clinical information (patient age) to 
provide clinically relevant prognostic stratification. 
The evidential prediction head performs risk 
classification to estimate predictive uncertainty, 
while a separate regression head independently 
predicts continuous overall survival time in days. The 
evidential branch predicts the corresponding risk 
category and its associated uncertainty via the 
Dirichlet distribution, serving as a confidence 
measure where larger values of U indicate higher 
predictive uncertainty. In addition to risk 
stratification, a separate regression head 
independently predicts the continuous overall 
survival time 𝑦̂ = 𝑔𝜓(𝐻) where  ŷ denotes the 

estimated overall survival in days. Consequently, the 
proposed framework simultaneously produces{ ŷ, R, U}. 
F.  LLM-Based Clinical Explanation  
To generate evidence-grounded survival explanations, 

we propose a knowledge distillation framework that 

leverages multiple open-source LLMs. The framework 

first evaluates candidate LLMs to select the best-

performing model, which generates a synthetic 

supervision corpus. A lightweight model is then fine-

tuned using QLoRA to produce accurate, hallucination-

resistant clinical explanations. As computed in Eq.(16) 
[19] [21]: 

𝐸 = { 𝑉𝐸𝑇, 𝑉𝐸𝐷 , 𝑉𝑁𝐶𝑅  , 𝐴, 𝑦̂, 𝑅, 𝑈, 𝛼1,, … . 𝛼𝑘}, (16) 

where 𝑉𝐸𝑇 , 𝑉𝐸𝐷, 𝑉𝑁𝐶𝑅   denote the habitat-specific 

tumor volumes, A represents patient age, 𝑦̂ is the 

predicted survival time, 𝑅 is the expected risk score, U 

is the predictive uncertainty, and 𝛼𝐾  represents the 

prototype assignment weights. The extracted evidence 
is deterministically transformed into a structured JSON 

payload, 𝐽 = Φ(E), ensuring the reasoning process is 

strictly grounded in model-derived facts. A prompt 

template 𝑃 = 𝜓(𝐽) instructs the LLM to Generate a 

concise clinical explanation for the predicted survival 
outcome. Use only the provided evidence. A synthetic 
survival explanation dataset is generated for the entire 
cohort. For each patient 𝑖, the input consists of the 

structured evidence payload 𝐽𝑖 , and the output 

is  generated reasoning report 𝑇𝑖. This process yields a 

comprehensive corpus of evidence-explanation 

training pairs is illustrated as Eq. (17) [42] where 𝐷 

denotes the synthetic evidence-explanation dataset. 

𝐷 = {(𝐽𝑖 , 𝑇𝑖)}
𝑁

𝑖 = 1
 (17) 

This corpus serves as the high-fidelity ground-truth 
required for downstream instruction tuning. To 
enable efficient clinical deployment and fast 
inference, we select the Meta-Llama-3.1-8B-Instruct 
model. The model is fine-tuned on the synthetic 
corpus D using Quantized Low-Rank Adaptation 
(QLoRA). The fine-tuning objective minimizes the 
causal language modeling loss. 

𝐿𝑡𝑢𝑛𝑒 = − ∑ ∑ 𝑙𝑜𝑔

|𝑇|

𝑡=1

𝑁

𝑖=1

𝑃(𝑇𝑖,𝑡|𝑇𝑖,<𝑡,𝐽𝑖, 𝜙𝑠  ) (18) 

In Eq. (18) [30], where ∅𝑠 represents the LoRA adapted 
parameters and 𝑇𝑖,𝑡  denotes the token at position 𝑡 and 

𝑇𝑖,<𝑡, denotes the preceding tokens. This step finalizes 

the fully open-source clinical reasoning generator, 
producing a lightweight, highly accurate model tailored 
specifically for BraTS survival explanations. 

Pseudo Code: Training & Inference of 
ProtoSurv-X 
Input: Multi-modal BraTS MRI volumes𝑋 = {𝑇 =
𝑇1, 𝑇1𝑐𝑒 , 𝑇2, 𝐹𝐿𝐴𝐼𝑅} patient age 𝐴, survival labels 𝑦, 

prototypes 𝐾 = 10 Survival prediction 𝑦̂, risk score 

𝑅,uncertainty estimate 𝑈, explanation 𝑇.  

Phase 1: Segmentation Pre-training each training 
subject Apply diffusion enhancement to obtain 𝑥̂   

and predict habitat maps 𝑃 = {𝑃𝐸𝑇,𝑃𝑁𝐶𝑅,𝑃𝐸𝐷} 
Optimize  𝐿𝑠𝑒𝑔 = 𝜆𝐷𝐼𝐶𝐸𝐿𝐷𝐼𝐶𝐸 + 𝜆𝐶𝐸𝐿𝐶𝐸 Freeze 

segmentation parameters. 
Phase 2: Prototype-guided Survival Learning 
Initialize prototype memory bank 𝑀 = {𝑚1, 𝑚2,
… , 𝑚𝑘 each mini-batch Extract and fuse features:   

𝐹concate = 𝑓𝑟𝑎𝑑⨁𝑓𝑑𝑒𝑒𝑝 ⊕ 𝑓ℎ𝑎𝑏 ⊕ 𝑓𝑐𝑙𝑖𝑛 Compute 

prototype similarities 𝑠𝑘 = cos(𝐹, 𝑚𝑘)and weights 

𝛼𝑘 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑠𝑘) Construct embeddings: 𝑍 =
∑ 𝛼𝑘𝑚𝑘

𝐾
𝑘=1  and 𝐻 = 𝑊ℎ[𝐹|𝑍] + 𝑏ℎ  predict evidence 

𝑒 = 𝑓𝜙(𝐻) and Dirichlet parameters 𝛼 = 𝑒 + 1 

Estimate risk probability 𝑝𝑐, risk score 𝑅 and 

uncertainty 𝑈 = 𝐶
∑ 𝛼𝐶 𝐶

⁄ Predict survival time 𝑦̂ =

𝑔𝜓(𝐻) Compute 𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑠𝑢𝑟𝑣 + 𝜆1𝐿𝑆𝐶𝐿 + 𝜆2𝐿𝐸𝐷𝐿 +
𝜆3𝐿𝑝𝑟𝑜𝑡𝑜 Update network parameters and prototype 

memory bank M. 
Phase 3:Inference and Explanation Generation 
each test subject Perform forward propagation to 
obtain {𝑃 = {𝑃𝐸𝑇,𝑃𝑁𝐶𝑅,𝑃𝐸𝐷, 𝑦,̂ 𝑈, 𝛼𝑘} Construct 

evidence payload  𝐽 and generate explanation  𝑇  

using QLoRA-tuned Meta Llama-3.1-8B 𝑦̂, 𝑅, 𝑈, 𝑇 
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G. Model Training Strategy 
The proposed framework is optimized in three 
sequential stages to decouple tumor segmentation 
from survival prediction. Stage 1: The Diffusion-
Enhanced SwinUNETR is trained for tumor 
segmentation using a hybrid Dice and Cross-Entropy 
loss Eq. (19) [7]. 

𝐿𝑠𝑒𝑔 = 𝜆𝐷𝑖𝑐𝑒𝐿𝐷𝑖𝑐𝑒 + 𝜆𝐶𝐸𝐿𝐶𝐸 (19) 

where 𝜆𝐷𝑖𝑐𝑒 and  𝜆𝐶𝐸 are weighting coefficients that 
balance region overlap accuracy and voxel-wise 
classification performance, 𝐿𝐷𝑖𝑐𝑒 and 𝐿𝐶𝐸denote the 
Dice and cross-entropy losses, respectively. After 
convergence, the segmentation network is frozen to 
generate tumor probability maps and deep features, 
from which habitat-specific radiomic, habitat, and 
clinical features are extracted and fused into the patient 
representation. The prototype learning, survival-aware 
contrastive learning, and evidential prediction modules 
are jointly optimized. The survival regression objective 
is defined as the Mean Absolute Error (MAE) 

𝐿𝑠𝑢𝑟𝑣 =
1

𝑁
∑ |𝑦𝑖 − 𝑦𝑖̂|

𝑁

𝑖=1

 
(20) 

In Eq. (20) [43] where N denotes the number of patients 
in the batch,  𝑦𝑖  denotes the actual survival time and 𝑦𝑖̂ 
denotes the predicted survival time. The overall training 
objective is then defined as a multi-task loss function, as 
illustrated in Eq.(21) [31] [34] [4]. 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑠𝑢𝑟𝑣 + 𝜆1𝐿𝑆𝐶𝐿 + 𝜆2𝐿𝐸𝐷𝐿 + 𝜆3𝐿𝑝𝑟𝑜𝑡𝑜 (21) 

where 𝜆1, 𝜆2 𝑎𝑛𝑑 𝜆3  are balancing hyperparameters. 
𝐿𝑆𝐶𝐿   is the survival-aware contrastive loss,  𝐿𝐸𝐷𝐿  
represents the evidential uncertainty learning objective, 
and 𝐿𝑝𝑟𝑜𝑡𝑜 corresponds to the prototype memory 

optimization loss. The complete training and inference 
workflow of ProtoSurv-X is summarized in the 
pseudocode shown below. 

 

IV. Experimental Setup and Evaluation 

Experiments were conducted on the BraTS 2019 and 
BraTS 2020 datasets and evaluated in three phases: 
independent tumor segmentation, survival prediction 
under five evaluation protocols (including in-domain, 
cross-cohort, and unified 5-fold cross-validation), and 
zero-shot evaluation of seven open-source LLMs for 
model selection. 

A.  Implementation Details 

The framework was implemented in PyTorch using the 
MONAI framework and trained on two NVIDIA H100 
NVL (95 GB) GPUs. During segmentation training, MRI 
volumes were cropped into 128 × 128 × 128 patches, 
and the AdamW optimizer was used. The 
hyperparameters were selected based on validation 
performance. Subject-level separation was strictly 

maintained across all experiments, and survival 
prediction results are reported as the mean over 5-fold 
cross-validation. Within each fold, prototype 
construction and survival model training were 
performed using only the corresponding training 
partition, while the held-out fold was used exclusively 
for evaluation. This fold-wise strategy ensured strict 
patient-level separation and prevented information 
leakage. For the clinical reasoning module, 
deterministic JSON evidence was provided to the LLMs 
using a temperature of 0.2 and a top-p value of 0.9. 

B. Dataset Integrity and Evaluation Protocol: The 
unified cohort was constructed by merging the BraTS 
2019 and BraTS 2020 datasets and removing duplicate 
subjects using official patient identifiers. After 
deduplication, 369 unique subjects remained, including 
118 GTR patients with complete survival annotations 
eligible for survival prediction. The dataset was used for 
four stages: tumor segmentation on all 369 subjects; 
survival prediction and risk modeling on 118 GTR 
patients; zero-shot LLM benchmarking on 100 patients 
sampled exclusively from training partitions; and 
QLoRA fine-tuning using approximately 94 synthetic 
explanation samples per fold, generated exclusively 
from the corresponding training partitions. Survival 
prediction used patient-level five-fold cross-validation, 
with test-fold sizes of 24, 24, 24, 23, and 23 patients. 
The survival cohort comprised 54 short-term (<300 
days), 35 intermediate (300–450 days), and 29 long-
term (>450 days) survivors, with a median survival of 
375 days (IQR: 245–560 days) and 0% censoring. To 
prevent information leakage, preprocessing, prototype 
construction, habitat extraction, and model training 
were performed independently within each fold using 
only the training partition. 

C. Survival Analysis and Risk Stratification 
All 118 GTR patients had fully observed overall survival 

times, resulting in 0% censoring; survival prediction 

was therefore formulated as continuous regression. For 
clinical interpretation, predictions were stratified into 
short-term (<300 days), intermediate (300–450 days), 
and long-term (>450 days) groups following the 
established BraTS protocol [23], [24]. These thresholds 
were used only for post-hoc risk stratification and did 

not constrain the regression. The C-index was 

calculated using predicted survival times to assess 
concordance with observed survival ordering. For IBS, 
time-dependent survival probabilities were obtained 
from the model's predicted risk representation and 
integrated over the evaluation horizon. Kaplan–Meier 
curves and log-rank tests were used to assess risk-
group separation, while calibration curves compared 
predicted and observed probabilities. 
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V. Results 

The unified survival cohort was constructed by 

integrating the BraTS 2019 and BraTS 2020 datasets 
following the official BraTS survival prediction protocol. 
After applying the GTR-based inclusion criteria and 
removing duplicate subjects, the final cohort comprised 
369 patients, including 118 GTR cases with complete 
survival data.  

A. Cohort Harmonization and Deduplication 

Since BraTS 2020 is an extension of the BraTS 2019 
challenge, both releases contain overlapping subjects. 
To prevent duplicate samples and information leakage, 
patient records were matched using the official BraTS 
patient identifiers provided with the datasets. Subjects 
appearing in both releases were retained only once in 
the unified cohort, while duplicate entries from the 
earlier release were removed. This identifier-based 
verification ensured that each patient contributed a 
single MRI examination and survival record to the final 
dataset.  

B. Brain Tumor Segmentation Results 

The structural robustness of the proposed Diffusion-
Enhanced SwinUNETR was evaluated independently 
on the BraTS 2019 [2] and 2020 [23] datasets against 
established baselines (3D U-Net, nnU-Net, TransBTS, 
and SwinUNETR). On BraTS 2019, the proposed 
framework achieved state-of-the-art Dice Similarity 
Coefficients (DSC) of 91.24%, 87.38%, and 81.76% for 
the Whole Tumor (WT), Tumor Core (TC), and 
Enhancing Tumor (ET), respectively. Notably, the 
diffusion-based enhancement significantly reduced the 
95th percentile Hausdorff Distance (HD95) for the 
highly irregular ET to 2.84 mm. This superiority was 
maintained on the expanded BraTS 2020 cohort (WT 
DSC: 91.82 %, ET DSC: 82.75%), confirming that 
continuous probability mapping successfully mitigates 
center-specific imaging protocols and provides an 
anatomically precise foundation for downstream 
survival analysis. 

C. Survival Prediction and Generalization 
The survival prediction performance was evaluated on 
the unified BraTS cohort against traditional, standard 
deep learning, and state-of-the-art baselines. As shown 
in Table 1, the proposed ProtoSurv-X consistently 
outperforms all traditional statistical, deep survival, and 

Table 1. Quantitative Survival Prediction Performance on the Unified BraTS Cohort (Five Fold Cross 
Validation) 

Method MAE (Days) ↓ RMSE (Days) ↓ C-Index ↑ IBS ↓ 

Cox Proportional Hazards 
(CPH) [37] 254.8 ± 16.5 312.4 ± 19.8 0.584 ± 0.018 0.231 ± 0.014 

Radiomics + RF [2] 238.4 ± 15.2 295.6 ± 18.4 0.612 ± 0.015 0.215 ± 0.012 

Random Survival Forests (RSF) 
[38] 224.6 ± 14.1 281.2 ± 16.5 0.638 ± 0.014 0.201 ± 0.011 

Deep Features (SwinUNETR) 
[8] 205.1 ± 12.8 258.3 ± 14.1 0.654 ± 0.012 0.182 ± 0.009 

DeepSurv [39] 192.3 ± 11.5 246.7 ± 13.2 0.671 ± 0.011 0.174 ± 0.010 

DeepHit [40] 185.7 ± 10.8 239.5 ± 12.4 0.684 ± 0.011 0.166 ± 0.009 

 CGNN [1] 178.2 ± 9.9 231.4 ± 11.8 0.692 ± 0.010 0.161 ± 0.008 

MTC-Net [14] 172.5 ± 9.4 224.8 ± 11.2 0.698 ± 0.010 0.158 ± 0.008 

DPSurv (Adapted) [4] 161.4 ± 8.5 210.6 ± 10.1 0.718 ± 0.009 0.142 ± 0.007 

Proposed ProtoSurv-X 145.2 ± 6.5 189.4 ± 8.3 0.745 ± 0.008 0.124 ± 0.005 

 
Table 2. Survival Prediction Performance Across the Five in-domain, cross-cohort, and unified BraTS 
evaluation protocol 

Protocol Evaluation Regime MAE (Days) ↓ RMSE (Days) ↓ C-Index ↑ 

Experiment 1 BraTS 2019 Baseline (In-Domain) 158.4 ± 8.1 205.1 ± 11.4 0.720 ± 0.012 

Experiment 2 BraTS 2020 Baseline (In-Domain) 152.6 ± 7.5 198.5 ± 10.2 0.731 ± 0.010 

Experiment 3 Forward Generalization (19 → 20) 168.3 ± 9.6 216.7 ± 12.8 0.695 ± 0.014 

Experiment 4 Reversed Generalization (20 → 19) 164.8 ± 8.9 212.3 ± 11.5 0.704 ± 0.013 

Experiment 5 Unified Cohort (5-Fold CV) 145.2 ± 6.5 189.4 ± 8.3 0.745 ± 0.008 
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multimodal baseline methods on the unified BraTS 
cohort. While conventional linear and tree-based 
models such as Cox Proportional Hazards (CPH) and 
Random Survival Forests (RSF) struggle to capture 
complex non-linear imaging biomarkers (yielding C-
Indices of 0.584 and 0.638, respectively), deep survival 
architectures like DeepSurv and DeepHit improve 
prognostic ranking by leveraging dense feature 
representations. Compared with recent multimodal and 
joint-learning frameworks including Cooperative GNN 
[1] and MTC-Net [14], our ProtoSurv-X substantially 
reduces the Mean Absolute Error (MAE) from 172.5 to 
145.2 days and increases the C-Index from 0.698 to 
0.745. Furthermore, while an MRI-adapted 
implementation of the evidential DPSurv [4] model 
achieves a competitive ranking (C-Index: 0.718), our 
approach delivers superior overall calibration, as 
shown by the lowest Integrated Brier Score (IBS) of 
0.124. Wilcoxon signed-rank testing on paired five-fold 
cross-validation predictions confirmed that these 
improvements in MAE, C-Index, and IBS over all 
evaluated baselines are statistically 
significant(p<0.05).  Table 2 demonstrates the 
robustness of the proposed framework across in-
domain and cross-cohort evaluations. Despite 
distribution shifts, the model achieves competitive 
performance in both forward (C-Index: 0.695) and 

reverse (0.704) generalization, indicating strong 
robustness. The unified cohort (Exp 5) achieves the 
best overall performance, validating the effectiveness 
of cohort deduplication and unified training. 
D. Analysis of Component Contributions 

 As shown in Table 3, prototype learning substantially 

improves survival prediction over direct regression (C-
Index: 0.690 → 0.712), while incorporating survival-
aware contrastive learning (SCL) further increases the 
C-Index to 0.745 by learning more discriminative 
prognostic representations. The complete framework, 
integrating prototype learning, SCL, and evidential 
uncertainty estimation, achieves the best overall 
performance across all evaluation metrics. Prototype 
learning organizes heterogeneous patients into 
recurring prognostic patterns, while survival-aware 
contrastive learning encourages survival-consistent 
representations, providing complementary gains 
beyond direct regression. The extended ablation shows 
in Table 4, that removing diffusion enhancement and 
probabilistic habitats reduces performance (C-index: 
0.729 and 0.721), while removing evidential loss and 
age causes smaller declines (0.732 and 0.739), 
supporting their complementary contributions.  
 
VI. Discussion 
1. Feature and Habitat Contribution Analysis 

Table 3. Comprehensive Ablation Study on Framework Components 

Model Configuration MAE (Days) ↓ C-Index ↑ 

Baseline (Direct MLP, No Prototypes) 168.4 ± 10.2 0.690 ± 0.012 

+ Prototype Learning (Only) 159.1 ± 8.6 0.712 ± 0.010 

+ Prototype & Evidential (Without SCL) 156.8 ± 7.9 0.722 ± 0.011 

+ Prototype & SCL (Without Evidential) 150.3 ± 7.4 0.734 ± 0.009 

Full Model (Proto + SCL + Evidential) 145.2 ± 6.5 0.745 ± 0.008 

 
Table 4. Extended component removal ablation study of the ProtoSurv-X architecture. 

Model Configuration MAE (Days) ↓ C-Index ↑ 

Full ProtoSurv-X Framework 145.2 ± 6.5 0.745 ± 0.008 

Without diffusion enhancement 153.8 ± 7.2 0.729 ± 0.010 

Without Probabilistic Habitats (using Hard Masks) 157.3 ± 8.1 0.721 ± 0.011 

Without Evidential Uncertainty Loss 151.4 ± 7.6 0.732 ± 0.009 

Clinical Age 148.9 ± 6.8 0.739 ± 0.0 

 

Table 5. Feature-modality ablation analysis for glioma survival prediction 

Input Features MAE (Days) ↓ C-Index ↑ 

Age  285.4 ± 18.5 0.550 ± 0.018 

Radiomics Only 240.1 ± 14.8 0.608 ± 0.015 

Habitat Features 225.3 ± 13.2 0.625 ± 0.014 

Deep Features  210.5 ± 11.5 0.645 ± 0.012 

Rad + Deep 178.6 ± 9.8 0.695 ± 0.011 

Rad + Deep + Habitat 158.4 ± 8.2 0.728 ± 0.009 

Full Model (All Features) 145.2 ± 6.5 0.745 ± 0.008 

 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1899
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics  
Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1487-1502           e-ISSN: 2656-8632 

 

Manuscript received 3 July 2026; Revised 12 August 2026; Accepted 15 September 2026; Available online 2 October 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1899 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License(CC BY-SA 4.0). 

 1496 

While the previous ablation study demonstrated the 
contribution of the proposed architectural components, 
this experiment investigates the individual prognostic 
significance of different input feature modalities. 
Specifically, we evaluate the impact of clinical, 
radiomic, deep imaging, and habitat-specific features 
on survival prediction through a comprehensive feature 
ablation study, as summarized in Table 5. 

1. Feature Modality Ablation  
Evaluated independently, clinical demographic data 
(Age) yields  the weakest prognostic power (C-Index: 
0.550), while Deep spatial embeddings outperform 
standard Radiomics (0.645 vs. 0.608). However, 
progressive fusion demonstrates clear complementary 
value. Combining Radiomics, Deep Features, and 
Habitat metrics incrementally improves the C-Index to 
0.728. The Full Model achieves optimal performance 
(MAE: 145.2, C-Index: 0.745), confirming that no single 
modality captures the full spectrum of glioma survival 
dynamics. 

2. Habitat Importance:  

To determine which specific spatial regions drive these 
predictions, a permutation-based feature importance 
analysis was applied to the extracted habitat stream. 
F. Evidence-Grounded Explanation Generation 
Seven open-source LLMs were evaluated using 
structured evidence from 100 validation patients, with 
BERTScore and hallucination rate used as evaluation 
metrics. As shown in Table 6, the models exhibited 
different levels of linguistic similarity and factual 
consistency. BERTScore increased from 0.842 for 
Mistral-7B-Instruct-v0.3 to 0.924 for DeepSeek-R1 
Distill-Qwen-32B, while the hallucination rate 
decreased from 8.1% to 2.1%. The intermediate 
models, including Meta-Llama-3.1-8B-Instruct, Phi-4, 
Gemma-2-27B-IT, Qwen2.5-72B-Instruct, and Llama-
3.3-70B-Instruct, showed intermediate performance. 
These results are consistent with previous applications 
of open-source LLMs in specialised medical tasks, 
such as structured medical report generation using 
Llama-based models [25] and MRI-report processing 
using Qwen2.5 [28]. However, the present evaluation 
specifically considers evidence-grounded prognostic 
explanation generation using quantitative outputs from 

Table 8. Evidence-grounded clinical explanations and predicted survival-risk categories for the three 
representative cases. 
 Cases  Generated 

Explanation(Clinical Interpretation)  
Predicted Survival Risk Category  

Case1  Large enhancing core (H2) and peritumoral edema 
(H3) dominate, indicating aggressive tumour 
behaviour and poor prognosis.. 

High Risk;  Predicted Survival: 11.2 Months (342 Days); 
Risk Score: 0.86; Confidence: 0.91 

Case 2 Moderate edema (H3) and enhancing regions (H2) 
show a mixed habitat pattern, indicating intermediate 
aggressiveness and moderate survival 

Medium Risk; Predicted Survival: 18.7 Months (570 
Days); Risk Score: 0.54; Confidence: 0.78 

Case 3 Predominant infiltrative region (H3) and edema (H3), 
with a smaller enhancing core (H2), indicate lower 
high-risk habitat proportion and longer expected 
survival. 

Low Risk; Predicted Survival: 28.3 Months (862 Days); 
Risk Score: 0.21; Confidence: 0.88 

 

 

Table 6:Zero-shot evaluation of candidate LLMs for synthetic clinical-explanation corpus generation. 

CandidateLLM BERTScore↑ Hallucination R (%) ↓ 

Mistral-7B[24] 0.842 8.1% 

Llama-3.1-8B-I [25] 0.852 7.5% 

Phi-4 [26] 0.865 6.4% 

Gemma-2-27B [27] 0.878 5.2% 

Qwen2.5-72B[28] 0.905 3.8% 

Llama-3.3-70B [25] 0.912 3.5% 

DeepSeek-R1[29] 0.924 2.1% 

 
Table 7. Effect of QloRA fine tuning on the performance of the light weight Llama3.1 

Model Configuration BERTScore ↑ Hallucination Rate (%) ↓ 

DeepSeek-R1-32B [29] 0.924 2.1% 

Llama-3.1-8B (BeforeQLoRA) [25] 0.852 7.5% 

Llama-3.1-8B (After QLoRA, Proposed) 0.915 2.6% 
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the survival prediction model. Based on the results, 
DeepSeek-R1-Distill-Qwen-32B was selected as the 
teacher model for generating the synthetic clinical-
explanation corpus [29]. To evaluate knowledge 
transfer to a smaller model, Meta-Llama-3.1-8B-
Instruct was fine-tuned using QLoRA on the synthetic 
corpus generated by DeepSeek-R1-Distill-Qwen-32B. 
Fig. 2  illustrates qualitative visualization of multimodal 
brain MRI sequences, tumour segmentation, habitat 
maps, and survival-risk heatmaps for three 
representative cases. FLAIR, T1, T1ce, and T2 denote 
the MRI sequences used for tumour analysis. As 
shown in Table 7, BERTScore increased from 0.852 to 
0.915, while the hallucination rate decreased from 
7.5% to 2.6%. The fine-tuned 8B model therefore 
approached the teacher model performance of 0.924 
BERTScore and 2.1% hallucination.  This improvement 
is consistent with the parameter-efficient adaptation 
objective of QLoRA [30]. Unlike general-purpose fine-
tuning, the present approach uses structured 
prognostic evidence as the supervision source, thereby 
constraining the model to generate explanations from 

model-derived survival information. These results 
demonstrate the effectiveness of QLoRA for adapting a 
lightweight LLM to the specific task of evidence-
grounded prognostic explanation generation. The fine-
tuned version achieves a BERTScore of 0.915 and 
dramatically reduces its hallucination rate to just 2.6%, 
proving that complex prognostic reasoning can be 
successfully transferred into a highly efficient, 
deployable 8B-parameter model.  

G. Hallucination-Identification Protocol 
BERTScore evaluates linguistic fidelity, while 
hallucination rate was assessed using a deterministic, 
rule-based protocol against the source JSON payload. 
Fig 2 presents the MRI images for Cases 1, 2, and 3, 
while the corresponding explanation-generation results 
are presented in Table 8.  Explanations were checked 
for (i) factual consistency of survival days, risk 
category, and habitat volumes, (ii) explicit 
communication of high uncertainty, and (iii) absence of 
unsupported treatment recommendations or clinical 
claims. Large-scale blinded neuro-oncologist 

 
Fig 2. Qualitative visualisation of multimodal brain MRI sequences. 
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evaluation remains a future validation step because 
ProtoSurv-X is currently a computational proof-of-
concept. To clarify ProtoSurv-X’s novelty, we 
compared it with MTC-Net, CGNN, MMP, and DPSurv. 
While MTC-Net and CGNN use global MRI 
representations, MMP introduces prototype learning  
and DPSurv incorporates evidential prediction; none 
combines 3D probabilistic habitats, multimodal 
prototype-guided learning, evidential uncertainty, and 
evidence-grounded LLM explanations. ProtoSurv-X 
unifies these components into a single prognostic 
framework. 

Despite promising results, ProtoSurv-X has several 
limitations. First, the relatively small cohort of 118 GTR 
patients may limit statistical power and increase cohort-
specific effects. Second, evaluation on only the BraTS 
2019–2020 benchmark limits validation across 
independent clinical populations and acquisition 
settings. Third, the retrospective public data may 
introduce selection and dataset-specific biases. Fourth, 
reliance on MRI and age excludes molecular and 
genetic biomarkers that may provide complementary 
prognostic information. Fifth, the static prototype 
memory may not adapt to evolving multi-center 
populations. Finally, the LLM explanations rely on 
synthetic evidence–explanation pairs and require 
validation by neuro-oncology experts and prospective 
multi-center studies to establish clinical reliability, 
generalizability, and safe deployment in live clinical 
workflows. 

 
VII. Conclusion 
This study developed ProtoSurv-X, an explainable 
framework for MRI-based glioma survival prediction 
integrating tumor segmentation, habitat modeling, 
prototype-guided learning, uncertainty estimation, and 
evidence-grounded LLM explanations. The framework 
achieved 91.24%, 87.38%, and 81.76% Dice for WT, 
TC, and ET, respectively, with a C-index of 0.745, a 
BERTScore of 0.915, and a hallucination rate of 
2.6%..These results demonstrate ProtoSurv-X’s 
potential for accurate, uncertainty-aware, and 
explainable prognostic decision support. Future work 
will focus on larger multi-center cohorts, external 
validation, molecular and genetic biomarkers, adaptive 
prototype memory, and neuro-oncology expert 
evaluation to improve robustness, generalizability, and 
clinical safety. 
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