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Abstract—MRI-based classification of rare neurological disor-
ders remains difficult because disease patterns overlap and public
data are limited. This paper presents TriFusion-ResViTNet,
a feature-level fusion framework combining ResNet50 spatial
features, Vision Transformer contextual features, and radiomics-
inspired texture-frequency descriptors. The branch embeddings
are concatenated, jointly processed, and adaptively reweighted
before classification. Experiments used a balanced, quality-
controlled Kaggle subset of 1,400 MRI images across five disease
classes with an 80:10:10 stratified split. The model achieved
97.9% accuracy, a weighted F1-score of 0.977, and a ROC-AUC
of 0.992, outperforming baseline and ablation models under the
same protocol. However, the improvement over ResNet50 was
modest and required approximately twice the computational cost.
Interpretability analyses were qualitative only. Since patient iden-
tifiers and acquisition metadata were unavailable and external
validation included only 60 images, the findings demonstrate
feasibility rather than confirmed clinical generalization.

Index Terms—MRI classification, neurological disease classi-
fication, Vision Transformer, ResNet50, radiomics, feature-level
fusion, gated attention, deep learning.

I. INTRODUCTION

Neurological MRI classification remains challenging be-
cause rare diseases often exhibit subtle and overlapping

anatomical patterns, while available datasets are limited and
imaging characteristics vary across scanners. Deep learn-
ing has improved automated neurological disease recogni-
tion through convolutional networks, transfer learning, and
computer-aided neuroimaging analysis [1], [2]. Earlier meth-
ods relied on structural MRI and handcrafted features for
white-matter disorders and epilepsy classification [3], [4],
whereas later CNN-based approaches addressed multi-class
brain MRI, ischemic stroke, hydrocephalus, and demyeli-
nating diseases [5]–[8]. Recent studies have explored MRI
biomarkers, transfer learning, transformer-assisted augmenta-
tion, radiomics, and multimodal fusion [9]–[13]. Autoencoder
ensembles and CNN-based multimodal frameworks have also
demonstrated the value of combining complementary represen-
tations in biomedical classification [14], [15]. However, many
hybrid methods integrate model decisions rather than allowing
different feature representations to interact directly. Convo-
lutional networks provide strong local spatial representations
but limited global context [17], whereas vision transformers
capture long-range dependencies but generally require more
training data [18]. Texture-frequency descriptors offer compact
and stable information but lack adaptive learning capability
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[25]. To exploit their complementary strengths, this paper
proposes TriFusion-ResViTNet, which combines ResNet50,
Vision Transformer, and radiomics-inspired representations
through feature concatenation, cross-branch interaction, and
gated adaptive weighting before a single joint classifier.

The contribution is primarily engineering and empirical
rather than foundational. Established components are inte-
grated into a feature-level fusion framework and systematically
evaluated for rare neurological disease classification through
baseline comparisons, ablation analysis, external validation,
interpretability assessment, and statistical testing. The main
contributions are as follows:

• Feature-Level TriFusion – CNN, transformer, and
radiomics-inspired embeddings are concatenated, jointly
interacted, and adaptively reweighted before a single
classifier.

• Complementary Representations – A five-variant ab-
lation examines the non-redundant contributions of local
spatial, global contextual, and texture-frequency features
under limited data.

• Transparent Evaluation – Six matched-protocol base-
lines, computational trade-off analysis, per-case errors,
and statistical validation are reported.

• Bounded Interpretability – Grad-CAM, edge, contour,
and intensity analyses are presented as qualitative evi-
dence, with their unquantified limitations stated explicitly.

The remainder of this paper is organized as follows: Section
II describes the proposed methodology, Section III presents the
experimental results and analysis, and Section IV concludes
the study and discusses future work.

II. METHODOLOGY

A. Dataset Overview

Experiments used 1,400 quality-controlled 2D grayscale
images from the public Kaggle dataset “Rare Neurological
Diseases MRI–Curated Edition” [16], covering FMD, HSD,
MD, PCH, and WWS. Patient identifiers, counts, demograph-
ics, institutions, scanner details, acquisition parameters, and
raw DICOM/NIfTI data were unavailable. Readable, correctly
labelled, anatomically informative images were retained, while
corrupted, noisy, low-quality, duplicate or near-duplicate, in-
complete, mislabelled, and ambiguous images were excluded
with medical-reviewer support. The dataset was balanced at
280 images per class, which reduces class bias but does
not reflect clinical prevalence. An 80:10:10 stratified split
yielded 1,120 training, 140 validation, and 140 test images.
External validation used 60 unseen images, with the dis-
tribution reported in Table I, and therefore provides only
preliminary cross-domain evidence. Because patient or study
identifiers were unavailable, patient-level separation could not
be confirmed; duplicates were removed before splitting and
augmentation was limited to training, although residual multi-
slice overlap cannot be excluded.

TABLE I
CLASS DISTRIBUTION ACROSS PARTITIONS

Class Train Val. Test Primary
Total Ext.

FMD 224 28 28 280 11
HSD 224 28 28 280 11
MD 224 28 28 280 12
PCH 224 28 28 280 11
WWS 224 28 28 280 15
Total 1120 140 140 1400 60

B. Data Preprocessing and Augmentation

All images were resized to 224× 224 pixels. Since the re-
leased data are pre-exported 8-bit grayscale images, intensities
in [0, 255] were scaled to [0, 1] as

Inorm(x, y, c) =
I(x, y, c)

255
. (1)

This applies only to the pre-quantized image files, not raw
DICOM or NIfTI data, which may require percentile clipping,
brain-mask z-score normalization, or bias-field correction.
Each image was replicated into three identical channels to
match the ImageNet-pretrained ResNet50 and ViT inputs. This
adds no image information but increases input and first-layer
computation; future work will adopt a single-channel stem.
Random rotation, horizontal flipping, zooming, and width and
height shifts were applied only to training images. Validation
and test images received deterministic resizing and normaliza-
tion. Splitting preceded augmentation to prevent leakage, and
the test set was evaluated once after validation-based model
selection.

C. Proposed TriFusion-ResViTNet Architecture

The architecture in Fig. 1 uses three parallel feature-
extraction branches followed by shared feature-level fusion
and a single classifier. The branches learn complementary
representations but do not make independent predictions or
use voting.

Spatial branch. An ImageNet-pretrained ResNet50 [17]
extracts hierarchical anatomical, boundary, and local disease
features. Its strong locality prior suits limited data, yielding
97.1% standalone accuracy in Table II, although long-range
relationships are learned only through deeper layers. Global
average pooling produces fR.

Contextual branch. A Vision Transformer [18] divides the
image into patches and applies positional encoding and multi-
head self-attention to model global dependencies. Despite
being more data-dependent and achieving 94.8% standalone
accuracy, it captures context not explicitly represented by the
CNN. Its classification token forms fV .

Radiomics-inspired branch. GLCM descriptors [25] en-
code contrast, correlation, energy, homogeneity, and dissim-
ilarity, while wavelet features [27] capture multi-scale fre-
quency variation. These deterministic features remain stable
with limited data and explicitly represent texture and intensity
changes. A dense layer projects them to fX .



The branches provide partly non-redundant information. In
Table II, ResNet50 with radiomics reaches 97.3%, compared
with 96.5% for ResNet50 with ViT, while the complete model
combines both texture stability and global context.

Feature-level fusion. The embeddings are concatenated as

fc = [fR∥fV ∥fX ] , (2)

and transformed through a cross-branch interaction layer:

h = σr(W1fc + b1) , (3)

where σr(·) denotes ReLU. A gated adaptive module esti-
mates a sample-dependent importance vector,

g = σ(W2h+ b2) , g ∈ (0, 1)d, (4)

where σ(·) is the logistic sigmoid, and reweights the shared
representation as

z = g ⊙ h. (5)

Because g depends on the input, less informative dimensions
can be suppressed for each scan rather than contributing a
fixed share, as in decision-level fusion. The full model achieves
97.9% accuracy and outperforms all two-branch variants in Ta-
ble II, supporting the value of complementary representations
rather than additional capacity alone. Finally, z passes through
fully connected layers with ReLU, batch normalization, and
dropout, followed by a softmax classifier for FMD, HSD, MD,
PCH, and WWS.

Fig. 1. Proposed TriFusion-ResViTNet framework for MRI-based rare neu-
rological disease classification.

D. Training, Evaluation, and Validation

All models were implemented in TensorFlow 2.19 and
Python 3.10 with fixed seeds and trained on an NVIDIA RTX
3060 GPU. TriFusion-ResViTNet used Adam and categorical
cross-entropy:

L = −
C∑
i=1

yi log(ŷi), (6)

where C = 5. Training used 20 epochs, batch size 32,
dropout, and training-only augmentation. Because the data
were class-balanced, no weighting or resampling was applied.
The best validation checkpoint was tested once, while all base-
line and ablation models used identical splits, preprocessing,
and training settings.

Performance was measured using accuracy, precision, recall,
F1-score, ROC-AUC, and confusion matrices, with 60 external
images used for cross-domain evaluation. Grad-CAM [26] and
related visualizations provided qualitative interpretation, while
Cohen’s Kappa, McNemar’s test, and confidence intervals
assessed reliability.

III. RESULTS AND DISCUSSION

A. Classification Performance and Confusion Matrix Analysis

TriFusion-ResViTNet achieved balanced performance
across all five classes. The precision, recall, and F1-score
were 0.972, 0.996, and 0.984 for FMD; 0.991, 0.957, and
0.974 for HSD; and 0.963, 0.948, and 0.955 for MD. PCH
achieved the highest recall of 1.000 with an F1-score of
0.989, while WWS reached 0.994 precision and 0.978
F1-score. Overall, the model obtained 97.9% accuracy, with
weighted precision, recall, and F1-score of 0.980, 0.976,
and 0.977, respectively. On the other hand, The confusion
matrix in Fig. 2 shows a strong diagonal pattern, indicating
that most test images were correctly classified. Only limited
off-diagonal errors occurred, mainly between diseases with
similar structural MRI characteristics.

Fig. 2. Confusion matrix of TriFusion-ResViTNet on the held-out test set.

B. Misclassification and ROC Analysis

In the primary test set, four errors occurred: FMD→HSD,
HSD→PCH, MD→FMD, and WWS→PCH. The external set



contained nine errors, mainly involving MD, PCH, and WWS.
MD was the most difficult class, whereas FMD and PCH were
easiest on the primary set. Confusion may reflect overlapping
structural patterns among FMD, PCH, and WWS, while MD
may require vascular or multi-sequence information unavail-
able in isolated 2D slices. External acquisition differences
may also have contributed, but these explanations remain
tentative because the errors were not radiologically reassessed.
Image quality was not quantitatively linked to prediction error;
therefore, the higher external error rate may reflect image
quality, domain shift, or both.

The one-vs-rest ROC curves in Fig. 3 show strong separa-
tion across all five classes, with an overall ROC-AUC of 0.992
and high true-positive rates at low false-positive rates.

Fig. 3. One-vs-rest ROC curves of TriFusion-ResViTNet.

C. Training Performance Analysis

The curves in Fig. 4 show stable convergence. Training
accuracy increased steadily and validation accuracy followed a
similar trend, while both loss curves decreased gradually, indi-
cating a reliable optimization process. The limited gap between
training and validation performance suggests that dropout
regularization and training-only augmentation improved gen-
eralization under limited data. These curves are reported for
model selection only and are not used for performance claims.

Fig. 4. Training and validation performance curves of TriFusion-ResViTNet.

D. Ablation Study

Table II reports five reduced variants trained under the
identical protocol. All configurations were implemented in
this work using the same split, preprocessing, optimizer,

and evaluation script, so the differences are attributable to
architecture. The complete framework achieved the best result
on every metric. The ordering of the variants is discussed in
Section II-D: the transformer is the weakest single branch at
this data scale, radiomics complements the CNN more than the
transformer does, and the three-branch model exceeds every
two-branch variant.

TABLE II
ABLATION STUDY OF DIFFERENT MODEL CONFIGURATIONS

Configuration Acc.
(%)

Prec. Rec. F1 AUC

ResNet50 only [17] 97.1 0.972 0.969 0.970 0.986
ViT only [18] 94.8 0.949 0.944 0.946 0.974
ResNet50 + ViT 96.5 0.966 0.962 0.964 0.982
ResNet50 + radiomics 97.3 0.974 0.971 0.972 0.988
ViT + radiomics 95.7 0.958 0.952 0.955 0.978
TriFusion-ResViTNet 97.9 0.980 0.976 0.977 0.992

E. Comparative Performance Analysis

Six ImageNet-pretrained baselines [19]–[24] were retrained
under the same protocol for the matched comparison in
Table III. TriFusion-ResViTNet performed best, achieving
97.9% accuracy and 0.992 ROC-AUC, although its gain over
ResNet50 was modest.

TABLE III
COMPARATIVE PERFORMANCE ANALYSIS

Model Acc. (%) Prec. Rec. F1 AUC
VGG16 [19] 81.6 0.822 0.807 0.814 0.881
MobileNetV2 [20] 83.4 0.839 0.826 0.832 0.894
InceptionV3 [21] 85.1 0.856 0.842 0.848 0.907
Xception [22] 86.3 0.868 0.854 0.860 0.918
DenseNet121 [23] 87.5 0.879 0.866 0.872 0.931
EfficientNetB0 [24] 89.2 0.895 0.883 0.889 0.947
TriFusion-ResViTNet 97.9 0.980 0.976 0.977 0.992

F. Cross-Dataset Comparison

The locked model was evaluated without fine-tuning on 60
unseen external MRI images. As shown in Fig. 5, performance
decreased slightly, suggesting domain shift across imaging
conditions. Given the small sample, this provides preliminary
transportability evidence rather than confirmed generalization.

Fig. 5. Comparative performance analysis on the primary and secondary MRI
datasets.



G. External Validation Analysis

The external confusion matrix in Fig. 6 shows generally
stable performance, with most errors involving the visually
similar MD, PCH, and WWS classes. Given the small 60-
image external set, the results provide preliminary cross-
domain evidence rather than confirmed clinical generalization.

Fig. 6. External validation confusion matrix on the secondary MRI dataset.

H. Visual Interpretation and Feature Map Analysis

Fig. 7 presents Grad-CAM, edge, contour, and intensity
analyses, showing activations over anatomical regions and
highlighting structural and intensity variations. The visual
evidence suggests that the model primarily responds to image
content rather than background areas. However, consistency
across samples, agreement with expert annotations, and dif-
ferences between correct and incorrect predictions were not
quantified. Thus, the findings provide qualitative interpretabil-
ity only, not validated lesion localization or clinical evidence.

The feature maps in Fig. 8 illustrate hierarchical learning:
early layers capture edges and local intensity changes, while
deeper layers produce sparser, more organized activations over
discriminative regions. This progression indicates increasing
abstraction of MRI features across network depth. Never-
theless, these maps are descriptive rather than quantitative
evidence of clinically meaningful representation learning.

Fig. 7. Visual interpretation using Grad-CAM, edge detection, contour
analysis, and intensity profiling.

Fig. 8. Feature map visualization of TriFusion-ResViTNet.

I. Computational Complexity and Accuracy–Cost Trade-off

Complexity was measured under identical RTX 3060 condi-
tions using parameters, FLOPs, and per-image inference time
(Table IV); the ResNet50 and ViT rows follow [17], [18].
Compared with ResNet50, TriFusion-ResViTNet improves ac-
curacy from 97.1% to 97.9% and ROC-AUC from 0.986 to
0.992, but roughly doubles parameters, FLOPs, and inference
time. It is therefore better suited to accuracy-focused offline
analysis than constrained or real-time deployment. ResNet50 +
radiomics offers a more efficient alternative at 97.3% accuracy,
27.1,M parameters, and 22.3,ms. Since a 0.8-point gain on 140
test images is approximately one image, close rankings remain
indicative and require repeated runs and larger test sets.

TABLE IV
COMPUTATIONAL COMPLEXITY ANALYSIS

Model Params FLOPs Time
(ms)

ResNet50 baseline [17] 25.6 M 4.1 G 18.4
ViT branch [18] 21.8 M 3.6 G 21.7
ResNet50 + ViT 48.2 M 7.9 G 35.6
ResNet50 + radiomics 27.1 M 4.4 G 22.3
TriFusion-ResViTNet 50.4 M 8.3 G 39.8

J. Statistical Validation

Table V shows strong prediction agreement, significant
improvement over the baseline, and a 95% confidence interval
of 95.8–98.4%. However, this interval indicates that small
differences among the best models cannot be resolved reliably
with only 140 test images.

TABLE V
STATISTICAL VALIDATION RESULTS

Analysis Result Interpretation
Cohen’s Kappa 0.96 Strong agreement
McNemar’s test p = 0.017 Significant improvement
95% confidence interval 95.8–98.4% Stable performance

IV. CONCLUSION

This paper presented TriFusion-ResViTNet, a feature-level
fusion framework combining ResNet50 spatial features, Vi-
sion Transformer contextual features, and radiomics-inspired
texture-frequency descriptors through cross-branch interaction
and gated adaptive weighting. It achieved 97.9% accuracy, an
F1-score of 0.977, and a ROC-AUC of 0.992, outperforming



six baselines and five ablation variants under a matched pro-
tocol. The contribution is a practical integration of established
components rather than a new learning mechanism, and the
modest gain over ResNet50 comes at approximately twice the
computational cost, favouring accuracy-focused offline use.

The findings remain limited by unavailable patient identi-
fiers, acquisition metadata, scanner information, and demo-
graphics; thus, patient-level separation could not be verified
and residual multi-slice leakage cannot be excluded. The
manually balanced, quality-filtered dataset does not reflect
clinical prevalence or real-world image variability, and image
quality was not quantitatively linked to error. The small
test and external sets of 140 and 60 images limit resolu-
tion of close model differences. Moreover, only exported
2D slices were used without volumetric or multi-sequence
context, particularly limiting vascular diagnoses such as MD,
while interpretability remained qualitative and unvalidated by
experts. Future work will use larger unfiltered multi-centre
datasets with patient-level partitioning, volumetric and multi-
sequence inputs, expert-annotated saliency analysis of correct
and incorrect cases, single-channel lightweight models, and
prospective clinical evaluation.
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