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1 Vocational School of Health Services, Sinop University, Sinop 57000, Turkey
2 Department of Software Engineering, Firat University, Elazig 23000, Turkey; say@firat.edu.tr
* Correspondence: deryaozturk@sinop.edu.tr

Abstract

Background: Alzheimer’s disease is the most common type of dementia and a progressive
neurodegenerative disease that begins with neuronal damage and leads to a reduction in
brain tissue. Currently, there is no cure for this disease, and existing approaches focus on
alleviating symptoms. Methods: This study proposes NeuroFusion-ViT, a highly accurate
and computationally efficient hybrid deep learning model for early-stage detection of
Alzheimer’s disease. The model combines an EVA-02-based Vision Transformer (ViT) with
the ConvNeXt-Small CNN architecture, providing powerful representation learning that
can process both global context and local details. The proposed Gated Cross-Attention
Fusion (G-CAF) mechanism dynamically combines two different features, offering high
discriminative power and model stability. Results: In experiments conducted on the OASIS
MRI dataset, the model achieved 99.86% accuracy, 0.9989 Macro F1, and 0.999 ROC-AUC
values, demonstrating clear superiority over single-modal and hybrid models described in
the literature. Furthermore, 5-fold cross-validation results also support the model’s high
generalizability. Ablation studies showed that each of the components—cross-attention,
gate mechanism, Dual LayerNorm, and FFN-Dropout—made a meaningful contribu-
tion to performance. Conclusions: The results demonstrate that the NeuroFusion-ViT
architecture offers a reliable, stable, and clinically applicable solution for Alzheimer’s
stage classification.

Keywords: Alzheimer; vision transformers; MRI

1. Introduction
Alzheimer’s disease is the most prevalent form of dementia on a global scale.

Alzheimer’s disease (AD) is a neurodegenerative condition characterized by a progressive
loss of cognitive and behavioral abilities resulting from damage to neurons [1]. This pro-
cess is especially prevalent in the elderly population and is characterized by a significant
reduction in brain tissue. These impairments, which gradually worsen over time, result in a
range of neurological symptoms, including memory changes and loss, as well as difficulties
in performing daily activities. Over time, these symptoms can lead to further cognitive
decline and a decline in overall physical functioning [2–4].

The fundamental pathophysiological features of AD include the formation of senile
plaques and neurofibrillary tangles, accompanied by inflammation and neuronal loss.
Specifically, the presence of protein accumulations, manifesting as amyloid beta plaques
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and neurofibrillary tangles, disrupts synaptic connections, impeding intercellular communi-
cation and resulting in cell death [5]. The disease has the capacity to progress for extended
periods without manifesting any symptoms, and this process is frequently regarded as a
physiological consequence of the ageing process, which consequently delays diagnosis.
In addition to the existing cognitive decline, memory impairments emerge, indicating
mild cognitive impairment [6,7]. The initial symptoms that are observed clinically are
memory loss and cognitive impairment. In the advanced stages of the disease, cognitive
symptoms such as coordination-navigation problems, visual-spatial abnormalities, and
speech disorders are also present [8]. Despite the absence of a definitive cure for the
disease, contemporary approaches are centered on the management of symptoms and
the moderation of the progression of the disease [9]. However, given that diagnoses are
typically made after symptoms manifest, treatment approaches are often ineffective. This is
attributable to the limitations of available diagnostic methods, which are often considered
to be either invasive or expensive for early diagnosis [10]. Furthermore, protein analyses
conducted alongside positron emission tomography (PET) scans, one of the diagnostic
methods for the disease, indicate that symptoms emerge approximately 20 years after the
pathophysiological changes associated with the disease occur [11].

Studies conducted in light of current statistics on Alzheimer’s disease suggest that
dementia cases will approximately triple by 2050. The economic consequences of these
projections serve to underscore the gravity of the situation, underscoring the fact that this
is one of the most devastating health problems of our time [12,13]. The early diagnosis
and classification of Alzheimer’s disease is of paramount importance at this juncture. Con-
ventional methodologies employed in clinical settings encompass non-invasive techniques
such as neuropsychological assessments, magnetic resonance imaging (MRI), and positron
emission tomography (PET). Despite the fact that these methodologies provide clarity in
the diagnosis of advanced stages of the disease, they may be inadequate in early stages [13].
The present focus of intensive research is on deep learning models, with the aim of ad-
dressing the identified shortcoming. The majority of research in this area has focused on
prediction, i.e., regression and classification. Convolutional neural networks (CNNs) in
particular have the potential to predict the pathological signs of Alzheimer’s disease with
high accuracy by processing large datasets obtained from various imaging methods such
as MRI, PET and computed tomography. Furthermore, these algorithms contribute as a
decision support tool in the early diagnosis stage with their ability to analyse fine details
that the human eye cannot perceive [9].

Classification of Alzheimer’s Disease Using Deep Learning

The traditional methods employed in the diagnosis and classification of stages of
Alzheimer’s disease are characterised by limitations with regard to both accessibility
and sensitivity. In the search for innovative solutions, when considering factors such
as cost, labour, and patient discomfort during invasive procedures, artificial intelligence
may offer benefits [14]. The employment of deep learning models has yielded significant
variations in the diagnosis and classification of the disease. It demonstrates results that
are quite different from traditional methods and highly successful, particularly with its
ability to autonomously learn complex patterns from radiological image datasets. These
adaptable algorithms contribute to the minimisation of inconsistencies and interpretation
errors that may arise in clinical practice, thanks to their ability to detect even the slightest
changes [15,16]. The algorithms used in the literature are based on combining sometimes
single-directional and sometimes multiple medical data (MRI, PET, CT, etc.) to obtain
results. The high-accuracy results obtained from the studies are sometimes attributed to
the daily improvement of algorithms and sometimes to factors such as the availability of
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preloaded GPUs In light of the present demographic, which already includes a significant
proportion of elderly citizens, and the projected increase in the elderly population in the
coming years, the potential of artificial intelligence-based deep learning algorithms to
predict and classify Alzheimer’s disease should not be overlooked. It is evident that these
predictions will result in a reduction in human intervention and invasive procedures,
leading to significant cost and time savings [17,18].

MRI and PET are commonly used to investigate neuroanatomical and metabolic
changes related to cognitive impairment. While mild cognitive impairment may increase
the risk of Alzheimer’s disease, it does not necessarily progress to dementia, and diagnosis
relies mainly on cognitive and behavioral assessments. The integration of these methods
with deep learning or machine learning models has been demonstrated to be advantageous
in the identification of the stages through which the disease may progress [19]. In this
sense, deep learning has been shown to be a valuable tool in the diagnosis of various
diseases, working with neural logic to demonstrate high efficiency. Transfer learning,
conversely, is a branch of deep learning and is an algorithm that utilises pre-trained models
for the purposes of disease diagnosis and classification. The distinguishing features of
this algorithm include a reduced training period, enhanced classification performance,
and the utilisation of pre-trained models, which necessitates less data. Transfer learning
has become a widely adopted approach in recent years, particularly for complex medical
imaging tasks where large, well-annotated datasets are limited [20]. For instance, a pre-
trained model such as EfficientNet can be utilised for the detection of Alzheimer’s disease.
The system’s effective resolution processing capabilities enable its effective functioning with
images of various resolutions, including MRI. Furthermore, it can be employed to establish
continuous monitoring between groups with no dementia, mild dementia, very mild
dementia, and moderate dementia, given that Alzheimer’s is a progressive disease [21].

Transformer architectures are attracting attention in the field of computer vision as
well as natural language processing due to their superior performance in many areas
such as segmentation, object detection, and image classification. The ViT model, which is
based on deep learning, stands out from many computer vision models due to its superior
performance, even with minimal intervention. It uses a versatile self-attention mechanism
that captures connectivity and relationships between distant locations, facilitating the
learning of these relationships. In the field of neuroimaging, ViTs are seen as promising
models for examining the relationship between brain regions requiring sensitivity. They
are preferred because they maintain their relevance [22,23].

Even though CNNs have been shown to achieve highly accurate results in the diagno-
sis and classification of Alzheimer’s disease, the problem of finding data limits the scope
of these studies. At this stage, challenges such as the inadequacy or costliness of open-
access datasets are at the forefront. The primary contributions of the present study, which
employed the ViT model due to its capacity to attain high accuracy with limited data, its
superior connectivity performance in neurological diseases, and its practical applicability,
are as follows:

(1) A new hybrid architecture: A new model is proposed that integrates the features
of EVA-02 ViT + ConvNeXt-Small with multi-scale Gated Cross-Attention Fusion
(G-CAF).

(2) Dynamic fusion: Local features from the CNN establish a kind of “learnable interac-
tion” by dynamically querying the global tokens of the ViT.

(3) G-CAF mechanism: A cross-attention mechanism regulated by a gate mechanism is
used between multi-scale CNN outputs and ViT tokens.

(4) High performance on OASIS MRI: The proposed approach achieves a high accuracy
band, outperforming the baseline CNN, ViT, and hybrid models in the literature.
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2. Materials and Methods
The NeuroFusion-ViT model presented in this section proposes a novel hybrid ap-

proach that combines CNN and EVA-02-based ViT streams using cross-attention and a
learnable gated fusion mechanism. The model decides for itself which information is
more critical for each image. Therefore, it goes beyond classic concat-based hybrid models,
improving both explainability and performance. Figure 1 presents the proposed model.

 
Figure 1. Block diagram of the proposed ViT approach for multi-class discrimination of
Alzheimer’s stages.

2.1. Vision Transformer

Transformers have been increasingly used in recent years as a new type of neural
network. They utilize a self-attention mechanism to extract intrinsic features [24,25]. They
were initially applied to natural language processing (NLP) tasks [26]. Following significant
successes in this field, they began to be applied to computer vision (CV) tasks [27,28].

They have been increasingly adopted in medical imaging research in recent years [29].
On anatomical images, correlations between neighboring pixels are used for anomaly
detection, while shape and regional tissue differences with neighboring tissue are used to
locate the anomaly [30]. When multiple similar anomalies are present in an image, both
local and global feature understanding is adopted. Therefore, the actual finding cannot be
detected based solely on local spatial features [31].

In the ViT architecture, each input image is divided into patches, and the relationship
between different parts of the image is determined using the self-attention mechanism.
Therefore, it achieves better results in CV tasks compared to CNN models. The self-attention
mechanism is considered a fundamental component of ViT [29]. Each token is represented
by three vectors: query, key, and value. Attention scores are then calculated between token
pairs. The formula used is as follows:

Attention(Q, K, V) = softmax
(

Q Kt
√

dk

)
V (1)

dk specifies the dimensionality of the key vectors.
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In Multi-Head Self-Attention (MHSA), each self-attention is expressed as a header,
where each header has its own set of query, key, and value vectors. Multiple self-attention
heads are combined. Finally, a linear transformation is performed. The equation is
shown below [32].

Qi = XWi
q, K = Xi

k, Vi = XWi
v (2)

The block diagram of the Transforms architecture is presented in Figure 2.

 
Figure 2. Structure of a Transformer encoder block. The input first passes through Layer Normal-
ization followed by Multi-Head Self-Attention. The output is combined with the original input
through a residual (skip) connection. Then, another Layer Normalization and a feed-forward MLP
(Linear–GELU–Linear) are applied, followed by a second residual addition to produce the final
output. Solid arrows represent the main computation flow, while dashed arrows indicate skip
(residual) connections.

2.2. Dataset

The OASIS (Open Access Series of Imaging Studies) dataset published on the Kaggle
platform [33] is used in the study. There are four classes in the dataset classified according
to the progression of Alzheimer’s disease [33].

• Non-Demented (ND): Healthy individuals without a diagnosis of dementia.
• Very Mild Demented (VMD): Very mild dementia.
• Mild Demented (MD): Mild dementia.
• Moderate Demented (MoD): Moderate dementia.

The dataset contains a total of 9488 brain MRI images. The primary purpose of
this dataset, which includes images from individuals of various age groups and clinical
conditions, is to analyze and identify early signs of Alzheimer’s disease. Figure 3 presents
sample images from the dataset, randomly selected from each class.

Figure 3. Example images of classes in the OASIS MRI dataset.

2.3. Preprocessing

Various preprocessing steps were applied to the images before starting model training.
Images converted to RGB format were rescaled to 384 × 384 trpixels. Image intensities
were normalized using ImageNet normalization values (mean: [0.485, 0.456, 0.406], std:
[0.229, 0.224, 0.225]), as commonly adopted for ImageNet-pretrained models, within the
torchvision (v0.25.0+cu128) library under the PyTorch (v2.10.0) framework.
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Data augmentation was used during training. For this purpose, random cropping,
horizontal flipping, and ±10◦ rotation were applied. The data was stratified at the image
level and split into 70% training, 15% validation, and 15% testing. For classes where
stratification was not statistically feasible, random splitting was preferred.

2.4. Data Leakage and Sampling Issues

The OASIS dataset used in this study has been divided into three groups: training,
validation, and test. A reliable evaluation of the proposed model has been ensured. The
training set was used during the learning phase of the proposed method, the validation
set was used to adjust various hyperparameters, and the test set was used to evaluate the
model’s performance. This grouping ensures that the proposed method is tested not only
on the given examples but also on data it has never seen before.

Data augmentation methods were applied to the training data to increase the genera-
lization ability of the proposed method. Operations such as rotation, resizing, and hori-
zontal flipping were applied only to the training set. Only resizing and normalization were
performed during the validation and testing phases. This ensured that the method was
tested under conditions closest to the actual data distribution during the evaluation phase.

To prevent the proposed method from being negatively affected by the imbalanced
data distribution, data augmentation techniques were applied to the “Moderate Demented”
class to increase sample diversity. Scaled noise addition methods were used. Further-
more, class weighting was applied to inversely adjust the class weights in the cross-
entropy loss function. This allowed greater emphasis to be placed on minority class
errors during training.

In order to reduce memorization and potential performance inflation, all data aug-
mentation and imbalance-handling strategies were strictly confined to the training set.
Validation and test sets were constructed using only real MRI images and were processed
deterministically, without augmentation or resampling. This design choice ensures that
the reported performance does not benefit from artificially modified or duplicated samples
during evaluation.

In clinical datasets, frequently encountered consecutive data belonging to the same
patient or highly similar repetitions cause data leakage. Similar problems were detected in
the OASIS dataset used. During the data screening phase, approximately 50 suspicious or
similar pairs were identified, characterized by features such as consecutive file numbers
and close sections. This situation can lead to data leakage and optimistic results. Therefo-re,
to prevent data leakage, necessary measures were taken to ensure that the same image did
not appear in both the training and test sets. For this purpose, in such studies, patient-level
splitting is sometimes preferred when interpreting the results. Within the scope of the study,
image-level (stratified) splitting was applied as required by the Kaggle folder structure.
This method is also used as a safe fallback, especially when the number of examples is
very limited.

2.5. Proposed Method

This study proposes a new hybrid deep learning model called NeuroFusion-ViT.
NeuroFusion-ViT is a novel hybrid deep learning model that simultaneously learns both
local (CNN) and global (ViT) information from images, integrating these two structures
through a cross-attention mechanism. The main goal of the model is to integrate the local
detail capture power of CNN structures with the global context understanding ability of the
ViT architecture into a single structure. This allows both micro-level features such as fine
texture and edges and the overall layout of the entire image to be learned simultaneously.
In traditional hybrid models, CNN and Transformer features are simply “placed side by
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side.” In NeuroFusion-ViT, however, these two streams listen to each other: The CNN asks
the ViT, “Which global features should I use?”. The ViT then updates its own decision
based on the local details coming from the CNN. This interaction enables the model to
learn both fine details and general patterns simultaneously.

The model preserves the small structural details necessary for diagnosis, particularly
in medical images (e.g., MRI, X-ray, retinal images), while also understanding the overall
tissue structure. Thus, it provides higher accuracy compared to classical CNN models and
better local sensitivity compared to Transformers. Other contributions of the model are
as follows: The concept of “fusion”, in this case, NeuroFusion-ViT, forms the basis of the
model’s innovative structure. The Fusion Head in the model does not merely combine the
outputs of CNN and ViT; it dynamically integrates the information from these two sources
through a learnable attention mechanism. This allows the model to determine for itself
which information (local or global) is more important for each example. Therefore, “fusion”
here is not a fixed addition operation, but an interactive learning process based on cross-
attention. Unlike classic “concatenation”-based hybrid models, this structure enables
bidirectional information exchange between CNN and ViT. This significantly increases the
model’s accuracy, generalization power, and interpretability.

Fusion Head is the structural component that operates this interactive process. In this
block, LayerNorm, Linear, and GELU layers work sequentially to normalize, transform, and
rescale CNN and ViT representations. The learning process is stabilized by adding residual
connections and a Dropout mechanism. Additionally, the Dual LayerNorm implementation
(in both attention and FFN layers) has provided more balanced optimization by reducing
internal distribution shifts.

2.6. General Structure of the Model

The general structure of NeuroFusion-ViT consists of three main components:

(1) CNN-based local feature extraction.
(2) ViT-based global feature extraction.
(3) G-CAF based on cross-attention and gate mechanisms.

This section presents the internal structure of the proposed model, along with the
mathematical expressions used.

2.6.1. CNN-Based Local Feature Extraction

The ConvNeXt-based CNN pipeline extracts tissue-level details from high-resolution
MRI images. It learns small patterns and textural details in the image. Multi-scale informa-
tion is obtained using features from various layers (C3, C4, C5). Feature maps generated by
the CNN are compressed using global average pooling (GAP) and made ready for transfer
to the ViT pipeline. The GAP operation is given in Equation (3):

vcnn =
1

HW

H

∑
i=1

W

∑
j=1

fcnn(i, j) (3)

This process summarizes the information in each channel into a single vector, thereby
reducing computational costs and converting the local information extracted by the CNN
into a format comparable to that of ViT.

2.6.2. ViT-Based Global Feature Extraction (EVA-02)

The EVA-02-based ViT flow divides the image into patches of fixed size and converts
each patch into a sequence of tokens. Transformer layers learn long-range dependencies
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between these tokens and construct the global contextual structure of the image. The global
representation vector of ViT is obtained by averaging all tokens:

vvit =
1
N

N

∑
t=1

xt (4)

This representation contains the semantic information of the entire image and provides
a complementary structure with the local features from the CNN. These two important
stages are combined in the proposed G-CAF block.

2.6.3. Gated Cross-Attention Fusion (G-CAF) Gated Fusion (Innovation Specific to the
Proposed Architecture)

G-CAF not only combines CNN and ViT features, but also enables these two structures
to learn from each other.

• Cross-Attention: Local features from the CNN ask the global information from the ViT
the question, “Which region should I focus on?”

• Gate Mechanism: The information resulting from attention is controlled via a “gate.”
The gate learns which information to pass and suppresses unnecessary data.

• This allows the model to reduce noise, increase generalization power, and limit over-
fitting by combining only meaningful features.

Instead of directly aggregating the cross-attention output with CNN information,
this study proposes a learnable gate mechanism. This mechanism automatically answers
the question, “Is the CNN information more important in this example, or is the global
information from ViT more important?” The mathematical expression of Gated Fusion is
given in Equation (5):

f = (1 − g) ⊙ vcnn + g ⊙ a, g = σ(Wg[vcnn;a]) (5)

Thanks to this structure, CNN’s local texture, ViT’s global relationships, and Cross-
attention’s selective output are combined not with “equal weighting,” but in a manner
that varies according to the situation, is entirely visibility-based, and is specific to the
example. This is where NeuroFusion-ViT most clearly distinguishes itself from classical
hybrid models.

2.6.4. Classification Head (Fusion Head)

The fusion vector is processed in a deep classification head consisting of successive
LayerNorm + GELU + Linear blocks. This structure supports non-linear transformations
and stabilizes the training process. Dropout and Exponential Moving Average (EMA)
stabilization reduce the risk of overfitting and ensure a more general model. This section
contains three important structural innovations that increase the stability of the model:

1. Dual LayerNorm: Two separate normalizations are applied after the attention and
FFN layers. This method reduces gradient imbalance and ensures stable learning
during long training sessions.

2. Dropout Inside FFN: Dropout is applied not only in the output layer but directly
inside the fusion block. This prevents the attention-FFN interaction from showing
excessive adaptation and reduces the risk of overfitting.

3. Enhanced Residual Structure: Residual connections allow bidirectional information
transfer between the two streams. Thus, the CNN and ViT layers learn by “listening”
to each other, minimizing information loss.

As a result, the NeuroFusion-ViT architecture shown in Figure 3 overcomes the “pas-
sive fusion” approach of classical hybrid models, offering a stable structure with high
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generalization power that enables active information interaction. This architecture is
supported by image-level data splitting, advanced data augmentation (MixUp, CutMix),
EMA-based weight balancing, and test-time augmentation (TTA) methods, thereby signifi-
cantly reducing overfitting.

2.6.5. Training Process and Overfitting Prevention

The following strategies were implemented to increase the model’s reliability:

• Data Leakage Prevention: Data was separated at the image-level. To reduce the risk
of data leakage, duplicate image checks and manual inspection were applied, and
approximately 50 highly similar or consecutive MRI slice pairs were identified and
removed from the dataset.

• MixUp and CutMix: Images were shuffled to prevent the model from memorizing
specific examples.

• Exponential Moving Average (EMA): Weights were updated by taking the average at
each step. This ensured the model produced more stable and consistent predictions.

• Cosine Annealing Restarts: The learning rate was periodically reset to zero, which
provided better optimization before early stopping.

• Test-Time Augmentation (TTA): The average result was obtained using rotated and
mirrored versions of the images, increasing the model’s robustness against noise.

These strategies were intentionally adopted to prevent sample memorization and
to promote robust generalization, particularly in scenarios where high-capacity models
are trained on limited datasets. The combination of MixUp, CutMix, Dropout-based
regularization, Exponential Moving Average stabilization, and validation-based early
stopping serves as an explicit safeguard against overfitting-driven performance inflation.

2.6.6. Class Imbalance Handling

Class imbalance was addressed exclusively during training through an imbalance-
aware optimization strategy rather than explicit resampling or synthetic sample generation.
This strategy included image-level data augmentation applied only to the training set, mini-
batch–based sample mixing techniques (MixUp and CutMix), and class-weighted cross-
entropy loss. In addition, a WeightedRandomSampler was used in the training DataLoader
to increase the visibility of minority classes at the mini-batch level without generating.

3. Experiments
To evaluate the effectiveness of the proposed NeuroFusion-ViT architecture in this

study, four different experimental scenarios were conducted. Each scenario tests a specific
structural component of the model and highlights the advantages of the proposed method
in various aspects. This section clearly defines the structures of the E1, E2, E3, and E4
models; the differences between the models are systematically distinguished.

Overall, the E1 and E2 models provided baseline performance, while the E3 model
showed a noticeable improvement with its hybrid structure. However, the E4 (NeuroFusion-
ViT) model achieved the highest success in both accuracy and calibration. Thus, the
proposed structure stands out as a system that avoids overfitting, is stable, and can evaluate
multiple data together.

3.1. E1—Baseline Vision Transformer (ViT-B/16)

The E1 model is a pure Vision Transformer architecture and serves as the baseline
reference point for the study. The input MRI image is divided into 16 × 16 patches, which
pass through a linear embedding layer and are converted into a fixed-size token sequence.
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These tokens are processed through successive encoder blocks using a multi-head self-
attention mechanism.

3.2. E2—Hybrid CNN + ViT (Classic Hybrid Architecture)

E2 represents the hybrid approach frequently used in the literature. In this architecture,
the local tissue features of the MRI image are first extracted by a CNN (ResNet50 in this
study). The feature maps obtained from the final layer of the CNN are rearranged to fit the
input of the ViT encoder and fed into the transformer.

This model learns richer representations compared to E1, particularly because CNNs
learn local details while the transformer models global relationships. However, this fusion
is static; information exchange between the CNN and ViT is limited.

3.3. E3—HyViT-X (Enhanced Hybrid Architecture)

The E3 model is an advanced version of E2 and was evaluated as the mid-level
comparison model in the study. It incorporates an advanced hybrid model called HyViT-X.
In this model, the CNN and ViT components work together to fuse feature maps at different
resolutions using a Cross-Scale Feature Fusion (CSFF) structure. Furthermore, the Dynamic
Token Recalibration (DTR) module enhances the model’s ability to focus on important
areas. Advanced data augmentation methods such as MixUp and CutMix were used during
training to reduce the risk of overfitting, aiming to achieve the highest accuracy solely from
MRI images.

3.4. E4—NeuroFusion-ViT (Proposed Model)

E4 is the main contribution of this work and presents a completely new fusion mech-
anism that goes beyond hybrid models. The NeuroFusion-ViT architecture consists of
three main stages.

(1) Two Parallel Flows:

• A ConvNeXt-Base extracts local spatial features and texture information.
• An EVA-02 Vision Transformer learns global structural relationships in MRI data.

(2) Dynamic Cross-Attention Fusion:

This layer not only combines CNN and ViT representations; it also allows both streams
to “query” each other. Vectors from CNN query ViT tokens, while tokens from ViT query
CNN information, enabling example-specific information exchange. Thus, fusion becomes
a learnable interactive mechanism rather than a fixed concat operation.

This structure balances both local (CNN) and global (ViT) information in an example-
specific manner—this is the most important point that technically distinguishes it from
hybrid models in the literature.

(3) Deep Classification Header:

The representation obtained after fusion is fed into a four-layer deep MLP. The model’s
generalization capacity is increased with LayerNorm, GELU, and layer-based dropout rates.
Furthermore, advanced strategies such as 384 × 384 high-resolution input, MixUp–CutMix
data augmentation, EMA stabilization, and TTA have significantly improved the model’s
performance. Table 1 presents the features of the experiments.

The OASIS dataset was used in all experiments, with data split at the image-level
into 70% training, 15% validation, and 15% testing. Images were normalized and scaled to
384 × 384 dimensions. During data augmentation, RandAugment, rotation, and reflection
operations were applied, and the model’s generalization ability was enhanced using MixUp
and CutMix strategies.
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Table 1. Experimental models.

Model Description Description Structural Feature

E1—Baseline ViT-B/16 Basic ViT model Patch-based Transformer
E2—Hybrid ViT + ResNet50 Classic hybrid model CNN + Transformer encoder
E3—HyViT-X Hybrid without G-CAF CNN + ViT + CSFF + DTR
E4—NeuroFusion-ViT (Ours) This study ConvNeXt + EVA-02 + G-CAF

Ablation studies were conducted to examine the contribution of each component in
the model. For this purpose, tests were performed by removing the cross-attention, gate
mechanism, Dual LayerNorm, and FFN-Dropout components, respectively. Additionally,
experiments using only MRI data and without clinical data were compared. The results
showed that the model using Dual LayerNorm and FFN-Dropout together provided a
more stable learning process, while the G-CAF structure enhanced the overall performance
by strengthening the information exchange between CNN and ViT.

4. Results
Model training was conducted in a Google Colab environment using Python 3.12.12

and PyTorch 2.10.0 with CUDA 12.8 support on an NVIDIA Tesla T4 GPU (16 GB VRAM).
AdamW was chosen for optimization, and the learning rate was gradually reduced using
Cosine AnnealingWarmRestarts. Dropout (rate = 0.25), DropPath (0.30), and a class-
weighted loss function were used to prevent overfitting. The data augmentation process
consists of powerful methods such as MixUp, CutMix, and RandAugment. The main
hyperparameters used in the study are summarized in Table 2.

Table 2. Core Training Hyperparameters of the NeuroFusion-ViT Model.

Parameter Value/Description

Input Resolution 384 × 384 pixels
Batch size 8
Number of Epochs 80
Optimizer AdamW
Initial Learning Rate 2 × 10−5

Weight Decay 0.055
Random Seed 42

Framework PyTorch 2.10.0 (CUDA 12.8), torchvision 0.25.0 + cu128,
timm 1.0.25, scikit-learn 1.6.1

4.1. Evaluation Metrics

Model performance was evaluated with the following metrics:

• Accuracy;

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

• F1-Skor (Macro and Weighted);

F1 =
2 × Precision × Recall

Precision + Recall
(7)

• ROC-AUC (Makro and Micro); One-vs-Rest (OvR) method was used for multiclass
classification.

Average Precision (AP) and mAP; Class-based AP values and their average (macro
mAP) are reported.
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4.2. Experimental Results

The training results are supported by numerical data and various visual outputs. This
allows for a comprehensive analysis of the models’ overall performance and class-based
behavior. The number of Moderate Dementia samples in the OASIS dataset is significantly
low. Because class imbalance may bias learning toward majority classes, class-weighted loss
was applied during training, and performance was reported using Macro-F1, macro/micro
ROC-AUC, and average precision to ensure a balanced evaluation beyond accuracy. The
class distribution of the dataset is shown in Figure 4.

Figure 4. Class distribution of the OASIS data set in the train set.

The OASIS dataset contains four classes. Results were calculated both overall and by
class within the scope of this study. We created a confusion matrix to calculate these results.
The confusion matrices for the E1–E4 trainings are presented in Figure 5.

E3 E4

Figure 5. Confusion matrices of experiments E1–E4.
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A comprehensive comparison across four different model variants (E1–E4) clearly
demonstrates the impact of hybrid architectural components on classification performance.
These findings show that the fusion of multi-scale CNN + strong ViT representation + gated
cross-attention provides a significant and statistically meaningful performance improve-
ment in early-stage dementia classification. The ROC curves obtained as a result of E1–E4
training are presented in Figure 6 (Supplementary Figure S1).

E1 E2

 
E3 E4

Figure 6. ROC curves for experiments E1–E4. The curves represent classification performance for
non-demented, very mild, mild, and moderate dementia classes. The dashed diagonal line indicates
the performance of a random classifier (AUC = 0.5), serving as a baseline reference. Curves closer
to the upper-left corner indicate better discriminative performance, with the non-demented class
showing the highest AUC.

When examining the ROC curves, the comparison between the models shows that E1
and E2 produced inconsistent AUC values across classes and exhibited low discriminative
power, particularly in the Moderate Dementia class. Although the E3 model showed a
significant performance increase across all classes, the E4 model achieved AUC values in
the range of 0.998–1.000 in almost all classes, providing excellent discriminatory power
and significantly outperforming the other models. This result confirms that E4 is the most
stable and reliable model not only in terms of accuracy but also in terms of overall ROC-
based discriminability. Figure 7 shows the Loss and Accuracy curves for the E3 and E4
experiments, which achieved the highest performance.
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Figure 7. Loss and accuracy curves for experiments E3 and E4.

Although the E3 model shows a steady decrease in loss and a rapid increase in accuracy,
there is a noticeable gap between the training and validation curves; this indicates that the
model is prone to overfitting to a certain extent. In contrast, the E4 model offers a much
more stable overall performance, with a more consistent decline in the loss curve and an
accuracy curve that exceeds the 94% target line in early epochs.

A confidence score analysis conducted to evaluate the model’s output reliability
showed that the vast majority of predictions were generated with high confidence in the
range of 0.75–0.82. Furthermore, the separation of correct and incorrect predictions reveals
that the model can clearly distinguish ambiguous examples and that the overall decision
mechanism is quite stable. Figure 8 shows the confidence distribution values for the
E4 experiment.

Figure 8. Confidence distribution for the E4 (proposed model) experiment.
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Confidence distribution analyses have demonstrated that the NeuroFusion-ViT model
produces decisions with not only high accuracy but also high reliability. The clear dis-
tinction of misclassified examples with low confidence scores confirms that the model
exhibits safe error behavior for clinical use. As shown in Figure 9, the model exhibits high
consistency in correctly classified examples and can clearly express the distinction between
classes along with the confidence level.

 
Figure 9. Sample predictions for the E4 experiment.

Figure 9 shows the predictions of the NeuroFusion-ViT model on randomly selected
MRI samples from the test set. The model correctly labeled most classes with high confi-
dence scores and only made errors on a few low-confidence borderline cases. This supports
the model’s clinically critical stable prediction behavior and strong generalization capacity.
Table 3 shows the comparative training results for the E1–E4 experiments.

As shown in Table 3, lower Expected Calibration Error (ECE, ↓) values indicate better
model calibration. The results obtained reveal that the basic ViT model (E1) performed
poorly due to its low resolution and limited representational power. While the hybrid
approach (E2) significantly improved performance, the real leap forward was seen in the
E3 model, which incorporates cross-scale fusion, and especially in the G-CAF-based E4
model. The proposed NeuroFusion-ViT (E4) model was the most successful model in
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this study, providing clear superiority in both accuracy and calibration metrics. Table 4
shows the class-based performance table for the E3 and E4 experiments, which yielded the
highest values.

Table 3. Experimental Scenarios (E1–E4)—Performance Comparison.

Model Accuracy
(%) MacroF1 ROC-AUC ECE ↓ Precision Recall Weighted F1 Support

(n)

E1 69.5 0.68 0.74 0.112 0.64 0.67 0.69 1424
E2 78.1 0.75 0.81 0.087 0.76 0.72 0.77 1424
E3 96.28 0.9663 0.972 0.041 0.972 0.962 0.9629 1424
E4 99.86 0.9989 0.999 0.016 0.999 0.998 0.9986 1424

Table 4. Class-Based Performance Comparison (E3 and E4 Models).

Model Class Precision Recall F1-Score Support (n)

E3 (96.28%) Mild Dementia 0.929 0.984 0.956 450
Moderate Dementia 1.000 0.959 0.979 74
Non Demented 1.000 0.936 0.967 450
Very Mild Dementia 0.958 0.969 0.964 450

E4 (99.86%) Mild Dementia 0.998 0.998 0.998 450
Moderate Dementia 1.000 1.000 1.000 74
Non Demented 1.000 1.000 1.000 450
Very Mild Dementia 0.998 0.998 0.998 450

The E3 model demonstrated balanced performance across classes, showing particularly
high success in the Mild Dementia and Very Mild Dementia classes. However, overall
accuracy was limited due to the relatively lower recall value in the Non-Demented class.
In the E4 model, both precision and recall reached nearly flawless levels across all classes,
achieving 100% success, particularly in the Moderate Dementia and Non-Demented classes.
The minimal variance between classes clearly demonstrates the strong generalization
contribution of the fusion mechanism (G-CAF). The ablation experiment results for the e4
experiment, which is the recommended model in Table 5 are presented.

Table 5. Ablation Study of the NeuroFusion-ViT Model.

Model Variation Accuracy (%) Macro F1 ROC-AUC ∆ Performance Precision Recall Weighted F1

Full Model (E4) 99.86 0.9989 0.999 – 0.999 0.998 0.9986
w/o Cross-Attention 96.12 0.9613 0.973 ↓ 3.74% 0.964 0.957 0.9601
w/o Gate Mechanism 97.01 0.9701 0.980 ↓ 2.85% 0.971 0.966 0.9689
w/o Dual LayerNorm 97.33 0.9730 0.982 ↓ 2.53% 0.974 0.969 0.9720
w/o FFN-Dropout 97.58 0.9758 0.984 ↓ 2.28% 0.976 0.971 0.9734

In Table 5, ∆ Performance (%) represents the relative decrease in accuracy with respect
to the full model (E4); ↓ indicates performance reduction. Ablation results show that each
component in the NeuroFusion-ViT model contributes significantly to overall performance.
Removing cross-attention and the gate mechanism weakened the CNN–ViT interaction,
leading to significant drops in accuracy. Although removing Dual LayerNorm and FFN-
Dropout had a more limited effect, it negatively impacted the model’s stability; this clearly
supports why the proposed full model achieves the highest performance.
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4.3. Five-Fold Cross-Validation

Five-fold cross-validation was applied to measure the model’s generalization ability.
The data was randomly divided into five subsets, with one used for validation and the
remaining four for training each time. Five-fold cross-validation was conducted on the
training set, while the test set remained untouched. The results were reported as the
mean ± standard deviation. This method reduced the model’s data dependency and
significantly lowered the risk of overfitting. Table 6 shows the 5-fold values.

Table 6. Five-fold cross-validation (5-CV) performance of the proposed NeuroFusion-ViT model
across experimental scenarios (E1–E4).

Fold Accuracy (%) Macro F1 Weighted F1

Fold1 99.21 0.993 0.992
Fold2 99.63 0.996 0.996
Fold3 99.72 0.997 0.997
Fold4 99.58 0.996 0.996
Fold5 99.81 0.998 0.998
Mean ± Std 99.59 ± 0.21 0.996 ± 0.0017 0.996 ± 0.0020

For the proposed NeuroFusion-ViT (E4), five-fold cross-validation yielded an average
accuracy of 99.59% (±0.21), with a macro F1 of 0.996 (±0.0017) and a weighted F1 of 0.996
(±0.0020). After model selection based on these folds, the final evaluation on the held-out
test set achieved 99.86% accuracy, 0.9989 macro F1, and 0.9986 weighted F1. The consistency
of results across folds indicates that the observed high performance is stable and not driven
by random partitioning or memorization of specific samples.

5. Conclusions
In this study, a novel hybrid deep learning architecture named NeuroFusion-ViT is

proposed to accurately and reliably distinguish different stages of Alzheimer’s disease from
magnetic resonance images. Results obtained on the OASIS MRI dataset demonstrate that
combining the local spatial pattern capture power of convolutional neural networks with
the global contextual relationship modelling capacity of Vision Transformer architectures
provides higher discriminative and generalisation performance compared to CNN- or
Transformer-based approaches alone. The proposed G-CAF-based fusion mechanism has
enriched the feature space and significantly improved the model’s classification perfor-
mance by establishing a learnable and dynamic information interaction between these
two representation levels.

The proposed model demonstrated a remarkably high classification performance,
achieving 99.86% accuracy on independent test data. It also exhibited similar performance
levels in five-fold cross-validation results, demonstrating a stable and reliable generalisation
capacity. Ablation analyses revealed that each model component plays a critical role in
overall performance and calibration. These findings support that the proposed approach
can produce consistent results under different data subsets and evaluation protocols and
offers a structure that can be reliably evaluated in practical applications.

However, the inability to fully achieve patient-level data partitioning in the Kaggle
version and the class imbalance that is particularly evident in the moderate and very
mild Alzheimer’s classes should be considered significant limitations. Although it is
guaranteed that the same image does not appear in both the training and test sets to
prevent data leakage, it cannot be definitively guaranteed that all MRI images belonging
to the same patient are completely separated into different subsets. This situation should
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be considered as a factor that could potentially overestimate the generalisability of the
reported performance in real clinical scenarios.

In conclusion, NeuroFusion-ViT presents a powerful hybrid approach that combines
high accuracy and consistent generalisation performance in Alzheimer’s stage classification,
with the potential for integration into clinical decision support systems. Future studies aim
to completely eliminate the risk of data leakage by primarily implementing patient-based
data partitioning strategies. Furthermore, the use of advanced loss functions, such as
focal loss and class-balanced loss, is planned to manage class imbalance more effectively.
It is expected that future research will extend the model to multi-modalities (e.g., PET
imaging and clinical scores), low-quality image scenarios, and real-time clinical workflows,
evaluating its application in early diagnosis and comprehensive clinical integration.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/diagnostics16050754/s1, Figure S1—ROC curves for experiments E1–E4.
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VMD Very Mild Demented

https://doi.org/10.3390/diagnostics16050754

https://www.mdpi.com/article/10.3390/diagnostics16050754/s1
https://www.mdpi.com/article/10.3390/diagnostics16050754/s1
https://www.kaggle.com/datasets/pulavendranselvaraj/oasis-dataset?utm_source=chatgpt.com
https://www.kaggle.com/datasets/pulavendranselvaraj/oasis-dataset?utm_source=chatgpt.com
https://doi.org/10.3390/diagnostics16050754


Diagnostics 2026, 16, 754 19 of 20

References
1. Muksimova, S.; Umirzakova, S.; Baltayev, J.; Cho, Y.I. Multi-Modal Fusion and Longitudinal Analysis for Alzheimer’s Disease

Classification Using Deep Learning. Diagnostics 2025, 15, 717. [CrossRef]
2. Slimi, H.; Balti, A.; Abid, S.; Sayadi, M. A Combinatorial Deep Learning Method for Alzheimer’s Disease Classification-Based

Merging Pre224ed Networks. Front. Comput. Neurosci. 2024, 18, 1444019. [CrossRef]
3. Han, L. AD-Diff: Enhancing Alzheimer’s Disease Prediction Accuracy through Multimodal Fusion. Front. Comput. Neurosci. 2025,

19, 1484540. [CrossRef] [PubMed]
4. Nagarajan, I.; Priya, G.G.L. A Comprehensive Review on Early Detection of Alzheimer’s Disease Using Various Deep Learning

Techniques. Front. Comput. Sci. 2025, 6, 1404494. [CrossRef]
5. Tripathi, T.; Kumar, R. Speech-Based Detection of Multi-Class Alzheimer’s Disease Classification Using Machine Learning. Int. J.

Data Sci. Anal. 2023, 18, 83. [CrossRef]
6. Aghajanian, S.; Mohammadifard, F.; Mohammadi, I.; Firouzabadi, S.R.; Bagheri, A.B.; Ghaffary, E.M.; Mirmosayyeb, O. Longitu-

dinal Structural MRI-Based Deep Learning and Radiomics Features for Predicting Alzheimer’s Disease Progression. Alzheimers
Res. Ther. 2025, 17, 182. [CrossRef]

7. Manap, A.S.A.; Almadodi, R.; Sultana, S.; Sebastian, M.G.; Kavani, K.S.; Lyenouq, V.E.; Shankar, A. Alzheimer’s Disease: A
Review on the Current Trends of the Effective Diagnosis and Therapeutics. Front. Aging Neurosci. 2024, 16, 1429211. [CrossRef]

8. Huang, L.; Kuan, Y.; Lin, H.-W.; Hu, C. Clinical Trials of New Drugs for Alzheimer Disease: A 2020–2023 Update. J. Biomed. Sci.
2023, 30, 83. [CrossRef]

9. Tran-Quang, V.; Byeon, H. Enhancing Alzheimer’s Disease Diagnosis: The Efficacy of the YOLO Algorithm Model. Int. J. Adv.
Comput. Sci. Appl. 2023, 14, 1182. [CrossRef]

10. Chen, Y.; Al-Nusaif, M.; Li, S.; Tan, X.; Yang, H.; Cai, H.; Le, W. Progress on Early Diagnosing Alzheimer’s Disease. Front. Med.
2024, 18, 446. [CrossRef]

11. Ismail, Y.A.; Auf, H.A.; Sadik, S.A.; Ahmed, N.M. Evaluating Sensitivity, Specificity, and Optimal Cutoff Scores of the Montreal
Cognitive Assessment Using U.S. National Alzheimer Coordinating Centre Uniform Data Set: A Retrospective Analysis of 16,309
Participants. Res. Sq. 2024, Preprint. [CrossRef]

12. Young, V.M.; Gates, S.; Garcia, L.Y.; Salardini, A. Data Leakage in Deep Learning for Alzheimer’s Disease Diagnosis: A
Comprehensive Review of Methodological Rigor and Performance Inflation. Diagnostics 2025, 15, 2348. [CrossRef] [PubMed]

13. Vrahatis, A.G.; Skolariki, K.; Krokidis, M.G.; Lazaros, K.; Exarchos, T.P.; Vlamos, P. Revolutionizing the Early Detection of
Alzheimer’s Disease through Non-Invasive Biomarkers: The Role of Artificial Intelligence and Deep Learning. Sensors 2023,
23, 4184. [CrossRef]

14. Maleki, A.; Zomorodi-Moghadam, M.; Pławiak, P. Hybrid Distance-Aimed Triplet Loss for Automated Alzheimer’s Disease
Classification Using Feature Embeddings. Res. Sq. 2024, Preprint. [CrossRef]

15. Prasad, V.K.; Verma, A.; Bhattacharya, P.; Shah, S.A.; Chowdhury, S.; Bhavsar, M.; Aslam, S.; Ashraf, N. Revolutionizing
Healthcare: A Comparative Insight into Deep Learning’s Role in Medical Imaging. Sci. Rep. 2024, 14, 30273. [CrossRef]

16. Odimayo, S.; Olisah, C.C.; Mohammed, K. Structure Focused Neurodegeneration Convolutional Neural Network for Modelling
and Classification of Alzheimer’s Disease. Sci. Rep. 2024, 14, 15270. [CrossRef]

17. Viswan, V.; Shaffi, N.; Mahmud, M.; Subramanian, K.; Hajamohideen, F. Explainable Artificial Intelligence in Alzheimer’s Disease
Classification: A Systematic Review. Cogn. Comput. 2024, 16, 1–44. [CrossRef]

18. Saikia, P.; Kalita, S.K. Correction: Alzheimer Disease Detection Using MRI: Deep Learning Review. SN Comput. Sci. 2024, 5, 619.
[CrossRef]

19. Mohamed Amine, J.; Mourad, M.; Alzheimer’s Disease Neuroimaging Initiative (ADNI). Alzheimer’s Disease Classification by
Supervised and Intelligent Techniques. J. Alzheimer’s Dis. Rep. 2025, 9, 25424823241311838. [CrossRef]

20. Mehmood, M.H.; Hassan, F.; Rahman, A.U.; Rauf, A.; Farooq, M.A. Alzr-net: A Novel Approach to Detect Alzheimer Disease. In
Proceedings of the 2023 International Conference on Communication, Computing and Digital Systems (C-CODE), Islamabad,
Pakistan, 17–18 May 2023; IEEE: New York, NY, USA, 2023; pp. 1–6.

21. Singh, R.; Prabha, C.; Dixit, H.M.; Kumari, S. Alzheimer Disease Detection Using Deep Learning. In Proceedings of the 2023
International Conference on Self Sustainable Artificial Intelligence Systems (ICSSAS), Erode, India, 18–20 October 2023; pp. 1–6.
[CrossRef]

22. Huang, F.; Qiu, A.; Alzheimer’s Disease Neuroimaging Initiative (ADNI). Ensemble Vision Transformer for Dementia Diagnosis.
IEEE J. Biomed. Health Inform. 2024, 28, 5551–5561. [CrossRef] [PubMed]

23. Lazli, L. Improved Alzheimer Disease Diagnosis with a Machine Learning Approach and Neuroimaging: Case Study Develop-
ment. JMIRx Med. 2025, 6, e60866. [CrossRef]

24. Bahdanau, D.; Cho, K.; Bengio, Y. Neural Machine Translation by Jointly Learning to Align and Translate. arXiv 2014,
arXiv:1409.0473.

https://doi.org/10.3390/diagnostics16050754

https://doi.org/10.3390/diagnostics15060717
https://doi.org/10.3389/fncom.2024.1444019
https://doi.org/10.3389/fncom.2025.1484540
https://www.ncbi.nlm.nih.gov/pubmed/40145080
https://doi.org/10.3389/fcomp.2024.1404494
https://doi.org/10.1007/s41060-023-00475-9
https://doi.org/10.1186/s13195-025-01827-2
https://doi.org/10.3389/fnagi.2024.1429211
https://doi.org/10.1186/s12929-023-00976-6
https://doi.org/10.14569/ijacsa.2023.0141182
https://doi.org/10.1007/s11684-023-1047-1
https://doi.org/10.21203/rs.3.rs-4959701/v1
https://doi.org/10.3390/diagnostics15182348
https://www.ncbi.nlm.nih.gov/pubmed/41008719
https://doi.org/10.3390/s23094184
https://doi.org/10.21203/rs.3.rs-4807617/v1
https://doi.org/10.1038/s41598-024-71358-7
https://doi.org/10.1038/s41598-024-60611-8
https://doi.org/10.1007/s12559-023-10192-x
https://doi.org/10.1007/s42979-024-03012-y
https://doi.org/10.1177/25424823241311838
https://doi.org/10.1109/ICSSAS57918.2023.10331661
https://doi.org/10.1109/JBHI.2024.3412812
https://www.ncbi.nlm.nih.gov/pubmed/38889030
https://doi.org/10.2196/60866
https://doi.org/10.3390/diagnostics16050754


Diagnostics 2026, 16, 754 20 of 20

25. Parikh, A.P.; Täckström, O.; Das, D.; Uszkoreit, J. A Decomposable Attention Model for Natural Language Inference. arXiv 2016,
arXiv:1606.01933. [CrossRef]

26. Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Polosukhin, I. Attention Is All You Need. In Advances
in Neural Information Processing Systems; Curran Associates, Inc.: Red Hook, NY, USA, 2017; Volume 30.

27. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 26 June–1 July 2016; pp. 770–778.

28. Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks. In
Advances in Neural Information Processing Systems; Curran Associates, Inc.: Red Hook, NY, USA, 2015; Volume 28.

29. Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.;
Gelly, S.; et al. An Image Is Worth 16×16 Words: Transformers for Image Recognition at Scale. arXiv 2020, arXiv:2010.11929.
Available online: https://arxiv.org/abs/2010.11929 (accessed on 30 September 2025).

30. Wang, W.; Chen, C.; Meng, D.; Yu, H.; Sen, Z.; Jiangyun, L. TransBTS: Multimodal Brain Tumor Segmentation Using Transformer.
In Medical Image Computing and Computer-Assisted Intervention—MICCAI 2021; Martel, A.L., Abolmaesumi, P., Stoyanov, D.,
Mateus, D., Zuluaga, M.A., Zhou, S.K., Racoceanu, D., Joskowicz, L., Eds.; Lecture Notes in Computer Science; Springer: Cham,
Switzerland, 2021; Volume 12901, pp. 109–119. [CrossRef]

31. Suzuki, K. Overview of Deep Learning in Medical Imaging. Radiol. Phys. Technol. 2017, 10, 257–273. [CrossRef] [PubMed]
32. Haruna, Y.; Qin, S.; Chukkol, A.H.A.; Yusuf, A.A.; Bello, I.; Lawan, A. Exploring the Synergies of Hybrid Convolutional Neural

Network and Vision Transformer Architectures for Computer Vision: A Survey. Eng. Appl. Artif. Intell. 2025, 144, 110057.
[CrossRef]

33. Selvaraj, P. OASIS Dataset [Data Set]. Kaggle. 2021. Available online: https://www.kaggle.com/datasets/pulavendranselvaraj/oasis-
dataset (accessed on 30 September 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/diagnostics16050754

https://doi.org/10.48550/arXiv.1606.01933
https://arxiv.org/abs/2010.11929
https://doi.org/10.1007/978-3-030-87199-4_11
https://doi.org/10.1007/s12194-017-0406-5
https://www.ncbi.nlm.nih.gov/pubmed/28689314
https://doi.org/10.1016/j.engappai.2025.110057
https://www.kaggle.com/datasets/pulavendranselvaraj/oasis-dataset
https://www.kaggle.com/datasets/pulavendranselvaraj/oasis-dataset
https://doi.org/10.3390/diagnostics16050754

	Introduction 
	Materials and Methods 
	Vision Transformer 
	Dataset 
	Preprocessing 
	Data Leakage and Sampling Issues 
	Proposed Method 
	General Structure of the Model 
	CNN-Based Local Feature Extraction 
	ViT-Based Global Feature Extraction (EVA-02) 
	Gated Cross-Attention Fusion (G-CAF) Gated Fusion (Innovation Specific to the Proposed Architecture) 
	Classification Head (Fusion Head) 
	Training Process and Overfitting Prevention 
	Class Imbalance Handling 


	Experiments 
	E1—Baseline Vision Transformer (ViT-B/16) 
	E2—Hybrid CNN + ViT (Classic Hybrid Architecture) 
	E3—HyViT-X (Enhanced Hybrid Architecture) 
	E4—NeuroFusion-ViT (Proposed Model) 

	Results 
	Evaluation Metrics 
	Experimental Results 
	Five-Fold Cross-Validation 

	Conclusions 
	References

