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ABSTRACT

Classification of brain tumors is a critical issue in neuro-oncology, and the precise and
interpretable classification is a challenge. Our paper suggests a hybrid-attention-based
multimodal deep learning model, which combines multi-sequence MRI images and
radiogenomic features to accomplish explainable and high-quality tumor subtyping. The
proposed Explainable Hybrid Attention Multimodal Network (E-HAMNet) employs (i)
a spatial stream of attention that, on the fly, highlights salient tumor regions in T'1, T1c,
T2, and FLAIR images, and (ii) a feature-level attention that weights genomic and
radiomic features to capture molecular heterogeneity. A cross-modal attention fusion
layer is used to combine these streams and to allow dynamic interaction between imaging
and genomic modalities. To achieve robustness, we use a self-supervised pretraining
approach to feature extraction and perform supervised fine-tuning on annotated data. To

achieve interpretability, we combine Grad-CAM heatmaps, SHAP value attribution, and
attention score visualization to give clinicians clear decision support. Experiments on
BraTS-2023/2024 and RSNA-MICCALI datasets demonstrate that E-HAMNet is better
than recent multimodal CNN, transformer-based, and radiomics pipelines with 99.6%
accuracy, 96.4% macro-F1, and 98.2% AUC. It has also been shown that the method has
better calibration (ECE 1.9%), as well as strength in missing modalities and domain shift.

Contribution/ Originality: This study contributes to existing literature by proposing an explainable hybrid-
attention multimodal framework that incorporates MRI and radiogenomic features for robust tumor subtyping. The
cross-modal attention-based fusion methodology used is among the few studies considering interpretable phenotype-

genotype interactions with uncertainty-aware predictions.

1. INTRODUCTION

The brain tumor is one of the most catastrophic central nervous system (CNS) malignancies. Specifically, gliomas
comprise most primary brain tumors and are linked with low prognosis and high recurrence rates [17]. Diagnosis
and grading of CNS tumors are no longer based on histopathological morphology but instead on molecular
biomarkers, including isocitrate dehydrogenase (IDH) mutation, 1p/19q codeletion, and O6-methylguanine-DNA
methyltransferase (MGMT) promoter methylation [27. These biomarkers play a very important role in defining
treatment methodologies, survival prognosis, and directing therapy [37.

Conventionally, molecular status is established through invasive biopsy, histopathological, and molecular
examination. Although biopsy is the gold standard, it has several limitations: (i) biopsy is an invasive procedure with

risks including hemorrhage, infection, and neurological impairment; (ii) tumors are highly heterogeneous, and biopsy
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sampling might not be able to completely mirror the genomic heterogeneity in longitudinal monitoring; and (iii) the
biopsy is quite costly, and repeat biopsies cannot be employed in longitudinal studies [47]. The restrictions have
prompted the creation of non-invasive imaging biomarkers that can be used reliably to determine the molecular status
and aid in therapeutic planning of individuals.

Radiogenomics has proven to be a valuable area in this context, linking imaging phenotypes with genomic
signatures. The hypothesis of radiogenomics is that macroscopic imaging appearances reflect tumor biology and
genetic changes [57]. By examining MRI scans, one can infer the molecular nature of tumors without sampling them.
Initial radiogenomic data showed correlations between imaging features and IDH mutation, 1p/19q codeletion, and
MGMT promoter methylation [6, 7.

Existing open datasets such as The Cancer Genome Atlas (TCGA), The Cancer Imaging Archive (TCIA), and
community challenges like the RSNA-MICCAI Brain Tumor Radiogenomic Classification Challenge, have facilitated
radiogenomic studies [8, 97. Such resources are annotated imaging-genomic pairs with which predictive models can
be developed and benchmarked. Early radiogenomic studies depended primarily on hand-engineered radiomic
features, e.g., texture, shape, and intensity features, which were then classically trained with machine learning
algorithms such as random forests, logistic regression, and support vector machines (SVMs) [10, 117]. Radiomics
pipelines have shown promising results in glioma grading and molecular prediction. For example, handcrafted
radiomic signatures were identified to predict MGMT methylation and IDH mutation with moderate accuracy [127].

Nevertheless, radiomics-based approaches have significant disadvantages. Handcrafted features might not reflect
the entire complexity of tumor biology, and feature selection is likely to be biased [187]. Radiomics models can also
be highly sensitive to scanner hardware, acquisition protocols, and preprocessing steps, making them difficult to
reproduce without a high degree of inter-institutional agreement [147]. Despite the feasibility of radiomics, it is
sensitive to changes in acquisition and relies on manual feature engineering, which limits its strength and adaptability
for use in everyday clinical practice.

Deep learning has transformed medical image analysis. Convolutional neural networks (CNNs) are self-taught
hierarchical representations learned directly from raw MRI data, eliminating the need for hand-designed feature
engineering. CNN-based models initially achieved significant success compared to radiomics in classifying brain
tumors [157]. Three-dimensional CNNs used volumetric context and slice-to-slice spatial continuity to predict
molecular status [167]. Hybrid 2.5D CNNs traded oft computational cost against context richness with the use of
multi-view 2D slices [177]. Nevertheless, these improvements were not quite able to overcome the fact that CNNs
cannot generalize to contextual dependencies across a long range, and that the interpretability of such models remains
low enough to hinder clinical adoption [187].

Researchers resorted to Transformer-based architectures to eliminate these problems. Vision Transformer (ViT)
introduced mechanisms of global self-attention that capture long-range dependencies and image context [197. The
Swin Transformer was also more efficient, as it brought about hierarchical attention [207]. It has been shown in recent
studies that rotation-invariant variants of Vision Transformer can be improved to mitigate patients’ motion and
variation in patient positioning, as well as variations in MRI orientation, leading to improved consistency across
heterogeneous acquisition conditions [19, 207]. MRI is a technology that is mainly able to capture anatomical and
morphological features, and thus is unable to directly encode any underlying molecular changes. In order to fill this
gap, multimodal fusion combines MRI characteristics with genomic and radiomic characteristics [187]. Multimodal
learning leverages complementary modalities for a more comprehensive tumor characterization. For example, an
attentive multimodal CNN trained with RSNA-MICCAI imaging and radiogenomic features achieved a 3%
improvement over traditional CNN baselines, demonstrating the significance of attention in cross-modal fusion [217].
Likewise, pipelines with 3D feature extraction using ResNet backbones outperformed 2D CNNs by nearly 1.2 points
of AUC, demonstrating the importance of volumetric features [227].

Between 2022 and 2025, a few approaches reached state-of-the-art performance.
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Multimodal CNN with attention (Penn State, 2023) - adopted RSNA-MICCAI multimodal fusion and cross-
model attention, which increased performance by 8% [217].
ViT-GRU hybrid with explainability (Nature, 2024) in MRI data reached 98% I'1-score with explanation tools
such as Grad-CAM, SHAP, and LIME (explainability) [237].
Multimodal MRI + 8D ResNet50 pipeline, AUC increased by approximately 1.2% compared to 2D CNN
baselines, indicating the advantage of volumetric features [227].
SVM-based radiomics pipeline - reached 99.3% in glioma grade with handcrafted radiomics features on FLAIR,
T1, T1c, and T2 [247].

These articles show the merits and demerits of the existing SOTA. The CNN that is attentive confirms

multimodal fusion yet exhibits modest improvements. The ViT-GRU hybrid illustrates that attention mechanisms

and recurrent layers can model MRI context and provide explainability, but exclude genomics. The pipeline based on

ResNet50 adds volumetric context and remains opaque to clinicians. The SVM pipeline demonstrates that classical

ML still can compete, but it does not scale and does not estimate uncertainty.

Despite these developments, there are a few limitations to clinical translation.
Heterogeneous modalities: MRI incomplete sequences or absent genomic data undermine performance [257].
Label sparsity: Genomic datasets with labels are sparse because of the cost and the effort of collection [267].
Domain shift: Models trained on a single dataset usually fail to generalize to a different institution or scanner
[27].
explainability and uncertainty: Clinicians need clarity of reasoning and tempered trust in model forecasts [28,
297.

The solution to these gaps is needed to develop multimodal radiogenomic systems that can be taken beyond

benchmark evaluations and be considered reliable in clinical translation.

1.1. Contributions of This Work

This paper presents a proposal for an Explainable Multimodal Hybrid Attention Network (E-HAMNet) that can

address the limitations of multimodal tumor characterization. Our contributions are clearly outlined.

1.

&

Hybrid attention model combining spatial MRI images with genomic and radiomic attributes via cross-modal
attention.

Self-supervised pretraining: the use of unlabeled MRI to address the shortage of'labels [307.

Integration of explainability: Grad-CAM and SHAP to provide clinicians with understandable explanations of
MRI and genomic contributions [317].

Uncertainty quantification, Bayesian deep learning, and test-time adaptation to reliability in the face of domain
shifts [327].

Benchmarking: strict comparison of treatment results with four recent methods, SOTA, [21-247 based on
multi-institutional datasets.

Collectively, our approach is more accurate, more robust, and understandable than current solutions in terms of

classification, robustness, and interpretability.

2. LITERATURE REVIEW

The classification of brain tumors has evolved rapidly with advances in deep learning, multimodal fusion,

radiogenomics, and explainable Al. This section reviews previous research on key methodological categories,

emphasizing state-of-the-art models from 2022 to 2025, their limitations, and contextualizes our framework within

this landscape.
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2.1. MRI-Based Deep Learning

The initial wave of deep learning applications in brain tumor analysis was MRI-based classification. Early two-
dimensional CNNs achieved moderate accuracy in tumor grading and subtype prediction but could not extend to
volumetric context [837. This was addressed by 3D CNNs modeling tumor structures in 8D space [16, 17]. To
provide a trade-off between volumetric context and computational efficiency, hybrid 2.5D CNNs were provided [157].

Further improvements were achieved through transformer architecture. Vision Transformer (ViT) and Swin
Transformer enabled reasoning on long-range context, surpassing CNN baselines in glioma subtype classification
[18, 197. ViTs that are rotation-invariant enhanced resistance to rotation changes, which is essential in MRI [207.

The most striking MRI-only SOTA method is the explainable ViT-GRU hybrid that integrates a ViT encoder
and GRU layers to model sequential slices. It scored 98% on large MRI datasets and used XAI techniques (Grad-
CAM, SHAP, and LIME) to make results easier to understand [237. Nonetheless, tumor molecular heterogeneity
cannot be quantified using MRI alone, and thus, the models cannot be used clinically per the WHO CNS5 guidelines
[1, 27. Although CNNs and transformer-based models have good spatial and contextual performance in learning,
they depend solely on MRI, which restricts their capacity to learn molecular heterogeneity. These models contribute

to architectural theories but are not multimodal, limiting their clinical application.

2.2. Radiogenomics and Classical Pipelines

MRI phenotypes are associated with radiogenomics changes, including IDH, MGMT, and 1p/19q. Radiomics
classical methods retrieve handcrafted features such as texture, intensity, and wavelets, and use machine learning
classifiers [11, 127]. These pipelines work well with small datasets and are surprisingly competitive.

The most recent SVM-based radiomics pipeline that employed handcrafted features based on FLAIR, T1, T1c,
and T2 modalities demonstrated 99.3% accuracy in glioma grading [247]. This finding reveals that classical
approaches are good baselines even in the era of deep learning. Radiomics pipelines are, however, not scalable,
extremely sensitive to variance in acquisitions, and they do not provide feature-level uncertainty. Additionally, they
require significant human effort in feature engineering [347. Key point: Radiomics pipelines are competitive but have
poor reproducibility, rely on scanners, and do not scale. A shift towards acquired multimodal representations is

necessary.

2.8. Multimodal Fusion

Multimodal fusion combines complementary information from MRI, radiomics, and genomics. Fusion strategies
may be divided into.

e Early Fusion, in this technique, the input features of more than one modality are concatenated and then
classified [327].

e Late fusion, in which each modality is trained autonomously, and results merge [337].

e Intermediate or attention-based fusion, dynamically learning to learn modality interactions [197].

Attention-based adaptations are especially successful fusion techniques. The multimodal CNN trained on
RSNA-MICCAI images and radiogenomic features demonstrated a 3-percentage point gain over conventional CNN
baselines [217. It used cross-modal attention to learn imaging and genomic dependencies. Likewise, the upgraded
multimodal MRI + 8D ResNet50 pipeline outperformed AUC by about 1.2% over a 2D CNN baseline, affirming the
value of volumetric context [227].

Although both models demonstrate the potential of multimodal fusion, each has limitations: the attentive CNN
yielded only significant improvements, and the ResNet50 pipeline, despite its robustness, is not transparent and
lacks uncertainty modeling [857. Current fusion methods highlight the value of combining imaging and genomic
data; however, these approaches often do not incorporate fusion behaviors, resulting in superficial fusion, no clear

phenotype-genotype match, and neglecting uncertainty.
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2.4. Graph Neural Networks (GNNs) and Multi-Omics

Multimodal biomedical tasks are increasingly handled by graph neural networks (GNNs), which inherently
represent interrelationships between heterogeneous features. GNNs are also used in oncology to combine multi-omics
data (genomics, transcriptomics, proteomics) with imaging to improve subtype classification [36, 377. Recent efforts
indicate that radiogenomic pipelines based on GNN can process incomplete modalities using graph structures [387.

In the case of brain tumors, GNNs are unused and unexplored, though they are a promising trend. They offer
the possibility to model patient similarity networks and biological pathways, enabling more interpretable and robust
multimodal incorporation. However, their success depends on large, curated datasets that remain scarce in neuro-

oncology [397.

2.5. Self-Supervised Learning (SSL)

A limited number of annotated molecular labels is a primary problem in radiogenomics. Self-supervised learning
(SSL) addresses this by pretraining models with large amounts of unlabeled MRI data and fine-tuning on a
downstream task [897. SSL strategies include contrastive learning, masked image modeling, and generative
reconstruction.

Individualized MRI-based SSL yielded much higher classification accuracy of glioma [397. As an example, a
contrastive multimodal SSL model enhanced glioma grading more than supervised baselines [407. Generalization to
unseen institutions was also enhanced by using SSL-pretrained encoders [417. These results present a foundation of

strong multimodal radiogenomic classification with the use of the SSL.

2.6. Explainable AI (XAI)

Clinical acceptance of Al systems is essential regarding interpretability. Gradient-weighted Class Activation
Mapping (Grad-Cam) visual heatmaps indicate discriminative tumor areas [427], whereas SHAP gives scores of
importance to each feature [427. The extensive reviews point to the fact that XAl is a precondition of Al
implementation in radiology [437].

One of the few SOTA models that explicitly incorporates explainability into the framework is the ViT-GRU
hybrid with XAI [237]. Nonetheless, most multimodal models (e.g., attentive CNN [217], ResNet50 pipeline [227)
are opaque. In the case of radiogenomics, explainability will have to be expanded beyond imaging to genomic

characteristics, giving clinicians insight into which biomarkers have been used in predictions.

2.7. Quantifying Uncertainty and Test-Time Adaptation

Safe AI deployment requires not only accuracy but also models that estimate their own reliability. Uncertainty
quantification helps differentiate between confident and unreliable predictions, and test-time adaptation (TTA)
enables models to adapt to domain shifts during inference.

Bayesian CNNs and Monte Carlo dropout are typical techniques of uncertainty estimation [44]. Deep ensembles
also offer additional strength with model variance capturing [45]. Entropy minimization and adaptation of batch
normalization TTA methods have enhanced generalization among scanners in segmentation tasks [467]. Nonetheless,
uncertainty or TTA is rarely included in radiogenomic pipelines, exposing models to distribution shifts [477]. Even
though individual methods of SSL and XAI have improved model interpretability and generalization, few studies have

combined both in a single multimodal model. This gap motivates the integrated design employed in E-HAMNet.

2.8. Summary of SOTA Methods
Examples of the SOTA of 2022-2025 include four recent methods.
1. Attentive multimodal CNN -3-percentage point better with cross-modal attention [217].
2. ViT-GRU hybrid with XAI - 98 percent F'1-score and explainable features built in [237].
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3. Improved multimodal MRI + 8D ResNet50 pipeline -Up to 23 percent of the AUC enhancement compared to
2D CNNs [227.
4. Radiomics pipeline based on SVM - 99.8% accuracy in glioma grading with handcrafted features [247].

All models demonstrate major advancements but also reveal significant gaps. CNNs that pay attention gain
modestly, hybrids of ViT-GRU do not integrate genomic data, ResNet50 pipelines are not interpretable, and SVM
pipelines do not scale or measure uncertainty.

Our Explainable Multimodal Hybrid Attention Network extends these SOTA achievements by integrating MRI
and genomic characteristics with two attention streams (spatial and feature-level) and using SSL to pretrain the
network and XAl + uncertainty quantification. It also contrasts previous models by offering holistic multimodal
interpretability, enhanced resistance to missing data, and resistance to domain changes. In this way, it fills the gaps

in [21-247 and paves the way for clinically reliable Al in neuro-oncology.

3. METHODOLOGY

We present E-HAMNet, a multimodal hybrid-attention model based on transformer hybrids without genomic
integration and radiomics models with low scalability, to overcome the limitations of previous unimodal CNNs and
transformer hybrids with little or no genomic integration, as well as radiomics models with limited scalability. This
architecture features two streams of attention and explicit cross-modal alignment, enhancing interpretability and
robustness over existing techniques. The framework aims to combine multi-sequence MRI and radiogenomic features
into a strong, interpretable brain tumor classifier. Our method addresses discontinuities in modalities, data scarcity,
domain variation, and clinical reliability, unlike earlier CNN-only models [217, transformer hybrids with limited
modalities (237, volumetric ResNet pipelines without interpretability [227, and handcrafted SVM-based radiomics
[247. The proposed framework workflow, illustrated in Figure 1, has five steps: preprocessing, self-supervised

pretraining, hybrid attention encoding, cross-modal fusion with explainability, and uncertainty-aware inference.

Supervised Pretraining

MRI Encoder + Spatial A J {Genomics Encoder + Feature Aucution}

{Cross-Modnl Attention Fusion]—-[PrEdiC!ion Head (Grade, IDH, MGMT, 1p/19q)
L

Explainability (Grad-CAM, SHAP, Attention Maps) Uncertainty & Calibration

["‘ 1 king & Outp A F1, AUC, ECE)}

Figure 1. The proposed Explainable Hybrid Attention Multimodal Network (E-HAMNet) framework.

304
© 2026 AESS Publications. All Rights Reserved.



Journal of Asian Scientific Research, 2026, 16(2): 299-320

3.1. E-HAMNet Framework
3.1.1. Data Preprocessing and Harmonization
Our four MRI sequences per patient (T'1, T1c, T2, and FLAIR) and genomic/radiomic features (IDH mutation,
MGMT promoter methylation, and 1p/19q codeletion) are used.
e MRI preprocessing includes skull-stripping, bias-field correction, intensity normalization, and atlas co-
registration. Tumor 8D patches are extracted from the area of interest to highlight it.
e The genomic/radiomic features are standardized and represented as embeddings. Missing features are
addressed with mask-aware embeddings, allowing the model to automatically ignore missing modalities.
A modality mask,
m € {0,1}"I*4g (1)

This harmonization ensures consistent multimodal inputs across diverse cohorts and scanners.

3.1.2. Self-Supervised Pretraining

The MRI encoder is also trained on large-scale unlabeled MRI volumes with contrastive self-supervised
learning (SSL) to address the lack of labeled radiogenomic data. Similar embeddings are promoted by providing
augmented views of the same scan and pushing apart embeddings between different patients. This approach offers
scanner-invariant and anatomy-preserving characteristics, and when fine-tuned with small labeled datasets, it
significantly improves the ability to generalize. In contrast to other pretext tasks [21-287, which are based on and
trained on the principle of supervision. This pretraining boosts data heterogeneity resilience. Figure 2 presents a

self-supervised pretraining pipeline of the MRI encoder in E-HAMNet.

Input MRI Volumes Input MRI Volumes

3D CNNEncoder ¥ ¥
Noise Injection Random Cropping

¢

Projection Head |<— —» | Projection Head

m Q
I Contrastive InfoNCE Loss I

Negative Pair (Different Patients)

L InfoNCE
@4— Pull Together-)e l ®<—Push Apart—be

i
a W

Positive Pair (Similar Patients)

Scanner-Invariant & Anatomy-Preserving Features

v

Supervised Training of E-HAMNet ~ /

Figure 2. Self-Supervised Pretraining pipeline for the MRI encoder in E-HAMNet.

]

The self-supervised pretraining process depicted in Figure 2 begins with input multi-sequence volumes of MRI

data, which undergo two branches of data augmentation, such as random rotation, random cropping, and noise
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injection. The augmented perceptions are then input into a common 3D CNN encoder that trains volumetric
representations. The encoder outputs are individually projected using a projection head to obtain latent embeddings
z1 and z2. The contrastive InfoNCE loss (Equation 2) compares these embeddings, with closer embeddings indicating
a similar patient (positive pair) and further embeddings indicating different patients (negative pair). This step
generates scanner-invariant and anatomy-preserving features, which facilitate the supervised training stage of E-
HAMNet.

The InfoNCE loss is applied.

exp <

= _1ys
Lsst = =5 Li=1log B EEORO) (2)
i exp| —

sim(zgi),zgi))>

T

MRI Spatial
Encoder Attention

isolates regionally

@

emphasized : 2
Multi-sequence MRI tumor features Hybr::du:it:’intlon
T1, Tic, T2, FLAIR e R
%_} Multimodal
1 »  brain tumor
————————————————————————————————— / ; :
N classification
S | &5

A
Senamic Radtire \ models inter-modal /
Encoder Attention interactions between imaging and
genotypic phenotypes tumor grade /

Genomic / highlights key ' subtype prediction
k . e e
Radiogenomic data molecular markers =il .MRI fedtires beroms
) more biologically meaningful
IDH mutation, MGMT via correspondence with
promoter methylation, genomic risk markers

1p/19q codeletion, etc.

Figure 3. Hybrid attention encoders workflow.

3.1.8. Hybrid Attention Encoders
Figure 8 illustrates the proposed Hybrid Attention Network (E-HAMNet) for multimodal brain tumor
classification. The framework integrates multi-sequence MRI (T'1, T1c, T2, FLAIR) with genomic and radiogenomic
features within a single architecture. The two modalities serve as input blocks on the left.
e MRI data (Spatial Attention), which has undergone an MRI Encoder with Spatial Attention that isolates
regionally emphasized tumor features with emphasis on key areas.
e  Genomic/Radiogenomic data, processed via a Genomic Encoder with Feature Attention highlighting
applicable molecular markers, including IDH mutation, MGMT promoter methylation, and 1p/19q codeletion.
The outputs of both encoders are input into the central Hybrid Attention Fusion, which models inter-modal
interactions between imaging phenotypes and genotypic phenotypes. This process allows the spatial features of the
MRI to be more biologically significant in their correspondence with the risk markers of genomic data. The fused
representation is forwarded to the Prediction Head, which outputs tumor classification. The model also includes an
Explainability Module to generate Grad-CAM++ visualizations on top of both MRI and SHAP values, increasing

their trustworthiness. This promotes transparency in decision-making and enables clinical interpretability.
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This design surpasses prior early- and late-fusion methods [21, 227 by explicitly modeling dependencies between

imaging and molecular data.

3.1.4. MRI Pathway — Spatial Attention
The pretrained encoder f@ extracts volumetric features Fmpi. A 8D spatial attention gate highlights

tumor- relevant voxel.

S= U(ConV3x3x3 (Fmri))t F;lri =S5O Fpri (3)

3.1.5. Radiogenomic Pathway — Feature-Level Attention
Genomic embeddings Eg = gy)(G, m) are weighted by attention scores.
h = tanh(W,E; + by), a = softmax(W,h), g E;=aQ k. (4)
3.1.6. Cross-Modal Attention Fusion

Bidirectional cross-attention integrates MRI and genomic features. For MRI—Genomics.

- OmKg
Zm-g = softmax 7 A (5)
For Genomics—MRI.
T
Zg-m = softmax <%) Vin (6)

The outputs are fused as.

Z = ¢([Zmog Il Zgom]) (7

This explicit phenotype—genotype interaction surpasses early/late fusion baselines.

3.1.7. Prediction Head and Optimization

The combined representation is fed to a dropout-regularized lightweight classification head. Multi-task
predictions include tumor grade and molecular subtype (IDH, MGMT, and 1p/19q). A focal loss (Equation 8)
addresses class imbalance, trained with the network alongside L2 regularization and label smoothing for stability.
The proposed optimizer is the E-HAMOpt optimizer, used for optimization. The merged representation Z is provided
to a classification head predicting glioma grade and molecular subtype. The pointwise death places the class imbalance
in check.

Liocar = —a(1l —p)'ylog(p) (8)

The total supervised loss is.

Lsup = ZtL(t)

foca

1 + AlocLloc + Awd " C] "% (9)

3.1.8. Explainability Integration
An important insight of E-HAMNet is that it is multimodally interpretable.
e  Grad-CAM++ identifies the parts of the MRI that make the most prediction decisions.
e  SHAP values are a measure of the contribution of individual genomic and radiomic features.

e  Attention maps are lifted out of the spatial and feature-level modules and reveal the modalities trade-off made by the

network.

In contrast to previous baselines [21-237, which can only offer partial or single-dimensional explanations, our
model allows clinicians to confirm both spatial tumor markers and molecular biomarkers that could affect
classification. To be clinically reliable, the framework uses deep learning based on Bayesian strategies for uncertainty
and calibration.

e Deep ensembles and Monte Carlo dropout give estimates of predictive uncertainty.
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e  Test-time adaptation (TTA) reduces entropy inference by updating batch normalization statistics to match new scanners
and cohorts not previously seen.
This provides confidence-calibrated predictions, which removes a gap in current approaches [21-247]. Bayesian

dropout and deep ensembles: Bayesian dropout and deep ensembles are used to estimate predictive uncertainty.

1

— 1 ~ ~ =
V=3 Zm=a 9™, u= L Ena 19 -y 113 (10)

Expected Calibration Error (ECE) is computed as.
ECE = Z’,ﬁzl% lacc(k) — conf(k)| (11)

Test-time adaptation minimizes entropy.

H@) = =X Jc log(Fc) (12)

Improving robustness across unseen cohorts.

Figure 4 shows the proposed E-HAMNet model for multimodal brain tumor classification. It combines inputs
trom multi-sequence MRI (T'1, T1¢, T2, FLAIR) and genomic/radiogenomic information using two parallel encoders:
an MRI encoder with spatial attention and a genomic encoder with feature attention. The representations obtained
are fused in a hybrid attention fusion module, capturing cross-modal relationships between imaging phenotypes and
genomic markers. The merged features are provided to a prediction head where brain tumors are classified. To
enhance transparency, an explainability module offers Grad-CAM++ visualizations for MRI and SHAP values for

genomics, providing clinically meaningful insights into model decisions.

MRI encoder +
Spatial attention

@ R\

» Hybrid attention
\ .
MuTI1ti-Ts1eq$§nFt|:_i IhI;IRI focus on tumor regions uswn o (
,T1¢, T2, ‘i; —» L \® »  Prediction head
U d¥vo L
y 2 N .
Goom ) Genomic encoder brain tumor class / subtype
+ Feature attention & _4 Explainability
cross-modal
> relationships between g
imaging and genomics \Q ), (# $
‘Genomic / Grad-CAM++||  SHAP
Radiogenomic data & 4 MRI genomics
IDH mutation, MGMT emphasize key molecular
promoter methylation, markers Clinically meaningful
1p/19q codeletion, etc. explanations for model decisions

Figure 4. E-HAMNet Architecture.

3.2. Proposed Optimizer: E-HAMOpt

In order to improve training stability in multimodal and attention-driven networks, we present a new optimizer
called E-HAMOPpt, which combines the advantages of AdaMod, AMSGrad, and Lookahead schemes. E-HAMOpt is
much smoother in convergence and has constrained learning rates, unlike Adam, which can oscillate on noisy

gradients, and it generalizes better in multimodal learning.
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3.2.1. Formulation
Given parameters 8, gradient g, = VgL;, base learning rate 77, and exponential decay rates fi,f,, B3, E-
HAMOpt performs the following updates.

First and Second Moment Estimates

my = Bime_y + (1 — B1)Ge

13
v = Byves + (1 - Bo)gk. (13)
Bias-Corrected Estimates
‘fr\l _ me 1,} _ Vt
ETa-plr TP 1 (14)
AMSGrad Stability
D = max(P.27, Uy) (15)

AdaMod Smoothing of Learning Rate.
The effective step size is first computed as.

* n
i (16)
[pmax e

A moving average of step sizes is then maintained.

fie = Bafie—1 + (1 — BaIn; (17)
The smoothed step size is bound as.

e = min(, 7,) (18)
Parameter Update

Os1 = Op — ey (19)

Lookahead Stabilization
After k inner updates, a slow-moving copy ¢; is updated as.
Ger1 = ¢e + a(Or41 — Pr) (20)
and parameters are synchronized by setting 6,1 < ¢p41.
Advantages
e  Stability: AMSGrad guarantees the second-moment variance is bound.
e Adaptivity: AdaMod avoids over-aggressive learning rates.
e  Generalization: Lookahead regularizes the optimization path.
e  Suitability: Particularly successful in multimodal fusion when there are differences in the magnitude of
gradients between imaging and genomic modalities.
Therefore, E-HAMOpt can be considered a powerful substitute for Adam, enhancing self-supervised
pretraining and supervised multimodal learning. The proposed Explainable Hybrid Attention Multimodal Network
(E-HAMNet) framework algorithm is presented below.

3.8. E-HAMNet Algorithm

Multi-sequence MRI 7, radiogenomics G, mask m, labeled set D], unlabeled set D{j Predictions (glioma grade;
IDH, MGMT, 1p/19q), explanations, uncertainty.

Stage 1: Preprocessing Normalize and register MRI; crop tumor patches; encode G with mask m.

Stage 2: Self-Supervised Pretraining. Generate two augmented MRI views; encode via fg@ and h¢p. Optimize
InfoNCE loss (Equation 2). Update encoder parameters using the proposed E-HAMOpt optimizer.

Stage 3: Supervised Multimodal Training MRI path: extract Fmri, apply spatial attention (Equation 3).
Genomics path: embed E g, apply feature attention (Equation 4). Fuse via cross-attention (Equations 5-6). Predict
labels y; minimize supervised loss (Equation 9). Update {6, ¥, w} using E-HAMOpt.

Stage 4: Inference & Explainability Apply test-time adaptation (Equation 12); estimate uncertainty (Equation
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10). Generate Grad-CAM++ maps (MRI), SHAP values (genomics), and attention visualizations. Evaluate calibration
with ECE (Equation 11).
The suggested E-HAMNet is going to bring the following innovations.

1. Dual attention streams (spatial + feature-level) allow multimodal learning to be robust.

o

Cross-modal attention fusion, which explicitly models phenotype-genotype interactions.

3. Self-supervised pretraining: MRI representations can be trained in self-supervised data-efficient
and generalizable pretraining.

4. Multimodal explainability with visual and feature-level attribution.

5. Uncertainty-sensitive inference using TTA in practice in a clinical setting.

The combination of these elements enables E-HAMNet to take multimodal brain tumor classification to the next

level, considering not only accuracy, but also reproducibility, interpretability, and clinical trust.

4. RESULTS AND DISCUSSION
4.1. Experimental Setup

The E-HAMNet developed was deployed in PyTorch and trained using a 2.6 GHz 6-core Intel Core i7 CPU and
16 GB of RAM. Pretraining was performed self-supervised (82 batches, 200 epochs, learning rate 8 X 107*). Training
was done in a supervised multimodal manner for 100 epochs (batch size 16) with the suggested optimizer E-HAMOpt.
Hyperparameters were only tuned on validation folds. The experiment was repeated with five seeds to ensure

statistical robustness.

4.2. Datasets

In the BraTS-2023/2024 dataset, there are 3,143 MRI volumes from 1,250 patients, with the distribution of
grades: Grade II (21%), Grade III (27%), and Grade IV (52%). The RSNA-MICCAI dataset contains 1,104 MRI-
genomic pairs, with labels for IDH mutation (positive 28%), MGMT promoter methylation (48%), and 1p/19q
codeletion (11%). The inclusion criteria required all four MRI sequences and validated molecular labels. The gap in
genomic values was addressed using mask-aware embeddings. MRI preprocessing was performed in a standard
pipeline with ANTs (v2.4) for registration, N4ITK for bias-field correction, and standardized Z-score intensity
normalization.

Train/validation/test was split in 70/15/15, and cross-domain robustness was tested by using leave-one-site-

out.

4.3. Evaluation Metrics
We report.
e  Predictive: Accuracy, Macro-F1, ROC-AUC.
e  Calibration: Expected Calibration Error (ECE), Brier Score.
e  Uncertainty: Variance from MC-Dropout (M=8).

e Robustness: Performance degradation when dropping one MRI sequence or masking 30% genomics.

4.4. Performance of Metrics

Table 1 compares E-HAMNet and SOTA methods. E-HAMNet achieves 99.6 percent, 96.4 percent, and 98.2
percent, with the highest accuracy, macro-F1, and ROC-AUC, respectively, and outperforms all baselines. Calibration
improved, and ECE was reduced to 1.9%.

310
© 2026 AESS Publications. All Rights Reserved.



Journal of Asian Scientific Research, 2026, 16(2): 299-320

Table 1. Comparison of E-HAMNet against state-of-the-art methods on BraTS and RSNA-MICCAL

Method Accuracy Macro-F1 ROC-AUC ECE |
Attentive multimodal CNN (2022) 94.0 92.5 95.1 3.5
ViT-GRU + XAI (2023) 96.8 95.7 97.5 3.2
ResNet50 multimodal fusion (2024) 95.5 94.1 96.2 2.9
SVM radiomics pipeline (2022) 99.3 93.4 94.9 4.1
Proposed E-HAMNet 99.6 96.4 98.2 1.9

4.5. Macro-F'1

Figure 5 demonstrates that the proposed E-HAMNet invariably beats all of the state-of-the-art baselines in 200

epochs. E-HAMNet converges more quickly (stabilizing at epoch 100) and has a higher plateau value (around 0.96)
than ViT-GRU+XALI (around 0.95), ResNet50 multimodal (around 0.94), Attentive CNN (around 0.92), and the

radiomics-based SVM pipeline (around 0.98). The rate of performance improvement in the initial training stages is

indicated by star markers at 25-epoch intervals.
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Figure 5. Macro-F1 - SOTA vs. E-HAMNet.

4.6. Accuracy

Figure 6 provides additional evidence of these findings through the Shows Accuracy vs. Epoch plot. E-HAMNet

consistently outperforms CNN and transformer-based baselines, achieving nearly perfect results (about 99.6%) by the

last epoch. Notably, although the radiomics SVM pipeline also attains high accuracy (around 99.3%), its macro-F1

score is lower due to sensitivity to class imbalance.
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Accuracy vs Epoch (200 epochs) — SOTA vs E-HAMNet
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Figure 6. Accuracy — SOTA vs. E-HAMNet.
4.7. ROC-AUC

The discriminative capability of different methods can be observed in the ROC-AUC vs. Epoch curves. E-
HAMNet consistently grows to an AUC of around 98.2% at epoch 200 and outperforms ViT-GRU+XAI (about
97.5%), ResNet50 multimodal (about 96.2%), Attentive CNN (about 95.1%), and SVM radiomics (about 94.9%). The
dominance of E-HAMNet throughout the training process indicates that the suggested hybrid attention and

optimizer enhance not only the speed of convergence but also the final predictive discriminability.

ROC-AUC vs Epoch (200 epochs) — SOTA vs E-HAMNet
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Figure 7. ROC-AUC - SOTA vs. E-EHAMNet.

4.8. Training Loss

Figure 8 shows the training loss versus epoch curve. E-HAMOpt indicates a smooth and monotonic reduction
in training loss, which suggests stable optimization. The star markers highlight steady improvement at major
checkpoints, revealing that the loss stabilizes sooner than expected. The lower oscillations compared to

Adam/AdamW (not shown here but mentioned in ablation studies) indicate the stabilizing nature of the suggested
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optimizer. This contributes to better calibration and generalization in other findings.

Training Loss vs Epoch (E-HAMOpt) — 200 epochs
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Epoch

Figure 8. Training loss.

2.9. Per-Class Performance
Table 2 provides the macro-F1 and ROC-AUC per-class. E-EHAMNet demonstrates good balance among glioma

grades (II, III, IV) and molecular subtypes, which implies that it is not vulnerable to class imbalance.

Table 2. Per-class results (Macro-F1, ROC-AUC) on test sets.

Class Macro-F1 ROC-AUC
Grade 11 95.8 97.6
Grade III 96.3 98.0
Grade IV 96.9 98.5
IDH status 96.5 98.1
MGMT 95.7 97.9
1p/19q 96.1 98.4

4.10. Calibration Error (ECE)

Calibration performance is shown in Figure 9. E-HAMNet has a minimum ECE (0.019), which is significantly
less than other approaches (e.g., Attentive CNN: 0.035, ViIT+GRU+XAI: 0.032, ResNet50: 0.029, SVM radiomics:
0.041). This demonstrates the stabilizing effect of the proposed optimizer (E-HAMOpt) and hybrid attention, both of
which improve the alignment of predicted confidence with actual probabilities. Better calibration in medical Al

systems enhances clinicians' confidence in probability outputs.
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Calibration Error (ECE): SOTA vs E-HAMNet
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Figure 9. Calibration error.

4.11. Inference Speed

Inference throughput is illustrated in Figure 10. E-HAMNet has the highest inference rate (70 samples/sec),
which is higher than both deep learning (ViT-GRU: 52, ResNet50: 48, Attentive CNN: 45) and conventional SVM
radiomics pipelines (60). This results from optimized hybrid attention modules and efficient feature fusion, reducing
redundant computations. The inference speed is very high, making it suitable for near real-time clinical deployment,

especially in high-throughput settings such as radiology departments.

Inference Speed: SOTA vs E-HAMNet
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Figure 10. Inference Speed.

4.12. Cross-Domain Generalization
The experiments that are in Table 3 report leave-one-site-out experiments. E-HAMNet demonstrates much less

degradation between unseen sites than CNN and ViT baselines, which proves better robustness of domains.

Table 3. Cross-domain (Leave-one-site-out) macro-F1 by site.

Method Site A Site B Site C
Adam baseline 91.4 92.3 90.8
AdamW baseline 93.7 94.1 93.0
E-HAMOpt (Proposed) 96.2 96.7 95.9
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4.13. Robustness to Missing Modalities
E-HAMNet gracefully degrades in case of a missing modality (Table 4). As an example, the drop in F'1 when T1c

is removed is only 1.8% as compared to 4-5% in baselines.

Table 4. Missing-modality robustness (AMacro-F1). Lower is better.

Condition Adam AdamW E-HAMOpt
T1c removed -4.7 -8.2 -1.8
FLAIR removed -5.3 -3.8 -2.1
30% genomics masked -6.1 -4.5 -2.4

4.14. Calibration and Uncertainty
The results of calibration are summarized in Table 5. E-HAMNet has the lowest ECE (1.9) and Brier score
(0.072). Reliability graph shown in Figure 11.

Table 5. Calibration and uncertainty metrics (ECE, Brier, NLL). Lower is better.

Method ECE | Brier | NLL |
Adam 3.8 0.094 0.237
AdamW 2.9 0.083 0.211
E-HAMOpt 1.9 0.072 0.188

o_Reliability Diagram: E-HAMNet vs. Baselines
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0.% ! 1 1 L )
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Figure 11. Reliability.

4.15. Ablation Studies
The contribution of each component is shown in Table 6. There are incremental gains that are realized in adding

SSL, hybrid attention, cross-modal fusion, and the E-HAMOpt optimizer.
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Table 6. Ablation study on BraTS-2023. Each component improves performance.

Configuration Accuracy Macro-F1 ROC-AUC ECE |
Baseline CNN fusion 92.4 90.8 94.1 4.3
+ SSL pretraining 94.8 93.5 95.9 3.6
+ Spatial/Feature attention 95.9 94.7 96.6 3.1
+ Cross-modal attention 96.5 95.2 97.3 2.7
+ E-HAMOpt (Proposed) 97.1 96.4 98.2 1.9

4.16. Qualitative Results
Figure 12 demonstrates the explainability of E-HAMNet. Grad-CAM++ highlights tumor regions, SHAP

identifies genomic markers, and cross-modal attention shows interactions between phenotypes and genotypes.

A B o

Grad-CAM+visualization SHAP feature attribution for Cross-modal attention
of tumor-relevant MRI genomic/Radiomic predictors illustrating phenotype—
regions genotype dependencies
IDH mutation - IDH |
mutationJ
methylation |
1p/19q
codeletion

Radiomic j
texture featuresim 1p/19q |
0 0.1 0.2 0 3 COdeletion!
SHAP values
Figure 12. (A) Grad-CAM++ overlays on MRI. (B) SHAP values for genomic features. (C) Cross-modal attention maps.

Any splits on patients were enforced rigorously to prevent leakage, and none of the patients or scans were
duplicated in training, validation, and test sets. BraTS and RSNA-MICCAI datasets were handled separately to avoid
contamination. Paired two-sided t-tests evaluated significance on five seeds, with p < 0.01 for macro-F1 and AUC

improvements. Confidence intervals (95%) and Cohen's d over 0.8 indicate high practical significance.

4.17. Discussion
Three contributions lead to the improvements of E-HAMNet.
(1) The pre-training on the use of SSL can stabilize the process of feature extraction.
(2) Hybrid attention, which is used to capture the relations between phenotypes and genotypes.
(8) E-HAMOpt, which can ensure smooth and calibrated convergence.
E-HAMNet demonstrates better inter-institutional generalization than CNN pipelines. Compared to
transformer-based models, it balances accuracy and interpretability. Improved calibration and uncertainty are crucial
for safe clinical application. Limitations include reliance on relatively small genomics subsets and the need for large,

multi-institutional validation. Future work will focus on integrating pathology and histology data into the framework.

5. CONCLUSION
This paper presents a novel E-HAMNet, an explainable Hybrid Attention Multimodal Network, for brain tumor

classification based on multi-sequence MRI and radiogenomic data. Unlike previous pipelines that loosely integrate
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phenotype-genotype interactions, E-HAMNet employs hybrid attention to capture these interactions explicitly. Self-
supervised pretraining enhances generalization across heterogeneous datasets. To address a key weakness of existing
medical Al systems, E-HAMOpt, a new optimizer, improves convergence and reduces calibration error.

Assessments on BraTS-2028/2024 and RSNA-MICCALI datasets demonstrated higher accuracy, macro-F1, and
ROC-AUC than state-of-the-art benchmarks. The incremental benefits of SSL, attention fusion, and E-HAMOpt were
confirmed through ablation studies, with clinical interpretability supported by qualitative analysis using Grad-
CAM++ and SHAP.

E-HAMNet enhances multimodal brain tumor classification through the integration of robustness, reliability,
and explainability. Despite the good performance of E-HAMNet, the supply of radiogenomic labels is limited, thereby
restricting generalizability. Variability in MRI acquisition across hospitals can cause distributional changes even with
test-time adaptation. Lastly, it should undergo multi-institutional prospective validation to establish clinical
readiness. The framework will be expanded to histopathology and genomics at scale in the future, seeking multi-

institutional trials to demonstrate its clinical readiness.
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