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Abstract. Alzheimer’s Disease (AD) is an area profusely investigated
by Artificial Intelligence (AI) research. The complexity of AD feature
characterization necessitates the application of AI models for an accu-
rate diagnosis. Several Al techniques have been used in the detection
and diagnosis of AD. Despite Al advancements for AD detection, the
complexity of brain imaging, especially in MRI scans, poses unique chal-
lenges. This complexity has led to exploring newer architectures like vi-
sion transformers (VT). This has brought a paradigm shift in computer
vision architecture, providing a unique and innovative alternative to tra-
ditional convolutional neural networks (CNN). This paper presents a
comparative evaluation of AD classification using traditional and deep
machine learning classifiers including VTs. The results indicate an in-
crease in accuracy of around 5% for VT architectures compared to tra-
ditional Al models.

Keywords: Machine Learning - Deep Learning - Vision Transformers -
Alzheimer’s Disease - CNN

1 Introduction

Alzheimer’s Disease (AD) is a progressive neurodegenerative disorder that pri-
marily affects memory, cognition, reasoning, and functional independence, even-
tually limiting a person’s ability to perform routine daily activities [4512T1/4].
According to recent estimates, more than 50 million people are affected by de-
mentia worldwide, with Alzheimer’s accounting for approximately 60-70% of
these cases [I0]. The burden extends beyond affected individuals to families, care-
givers, healthcare systems, and society, producing substantial emotional, social,
and economic consequences [27]. As disease progression is generally irreversible,
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early identification of pathological changes is particularly important for facil-
itating clinical assessment, planning supportive interventions, and potentially
improving long-term disease management [272T].

Neuroimaging plays an important role in investigating structural and func-
tional changes associated with AD. In particular, Magnetic Resonance Imaging
(MRI) provides non-invasive information about brain morphology and regional
atrophy without exposing patients to ionising radiation. However, the structural
alterations associated with early AD can be subtle, spatially distributed, and
heterogeneous across individuals. Visual assessment may therefore be affected
by disease stage, image quality, acquisition protocol, and inter-observer variabil-
ity. Automated computational analysis offers an opportunity to identify complex
imaging patterns that may be difficult to characterise consistently through con-
ventional visual interpretation alone [35/36].

Artificial Intelligence (AI) consequently offers powerful computational tools
for supporting AD detection, classification, and disease-stage characterisation.
AT techniques can assist in identifying early signs of cognitive deterioration and
neurodegeneration, sometimes before severe clinical manifestations become evi-
dent [46/50/9/3]. Machine Learning (ML) methods such as Support Vector Ma-
chines, k-nearest Neighbours, Logistic Regression, Random Forest, and gradient
boosting have demonstrated that carefully constructed imaging and clinical fea-
tures can distinguish different stages of dementia [45/55134I8]. Deep Learning
(DL) subsequently reduced dependence on manually engineered features by al-
lowing neural networks to learn hierarchical representations directly from medi-
cal images. CNN architectures have therefore become widely used for automated
MRI classification and related neuroimaging tasks [40/43U60].

Despite their success, CNNs primarily construct representations through lo-
cal convolutional operations. Capturing dependencies between anatomically dis-
tant brain regions may consequently require increasingly deep architectures. Vi-
sion Transformers (VTs) provide an alternative representation paradigm by us-
ing self-attention to model relationships among image patches across the entire
spatial domain. This ability to capture both local information and long-range
dependencies has motivated their increasing use in medical imaging and AD
classification [49484764/24]. Transformer-based approaches are especially inter-
esting for neuroimaging because disease-related structural changes may involve
distributed anatomical regions rather than isolated local abnormalities.

While numerous studies compare conventional ML and CNN-based DL meth-
ods for AD diagnosis [61J5560I58], comparatively fewer studies evaluate ML,
CNNs, and multiple VT architectures within the same experimental framework.
Such comparisons are important because high performance reported for a single
architecture does not establish whether its additional computational complex-
ity provides meaningful improvement over simpler alternatives. Benchmarking
these model families using common datasets and evaluation measures can there-
fore provide clearer evidence regarding their relative capabilities, generalisation
behaviour, and suitability for data-constrained medical imaging.



Comparing ML, DL, and VT for Alzheimer’s Classification 211

Deep Neural Network Convolutional Neural Network

* e
,ed
‘e
*de
& 2%
> &
o ¢
AT -
Random Forest Classification K-Nearest Neighbor

Deep Learning and Machine Learning Architectures
Ls Deil] Lo

-
© DDDD.DDDDO)

[Shifted Windows Transformer] Late MCI

L [cognitively
Normal

Linear and Nonlinear SVM

Early MCI

=
1©0000000GQ)
e e

Popular Visual Transf Ar

Fig. 1. Standard Al pipeline for AD classification.

Clinical translation also requires considerations beyond predictive accuracy.
Explainability, uncertainty, privacy, personalisation, fairness, and meaningful hu-
man oversight are increasingly recognised as requirements for trustworthy health-
care Al [62I57I3TI33I132I129]. Consequently, identifying the highest-performing ar-
chitecture represents only one component of developing clinically useful AD
decision-support systems.

Against this background, this paper comparatively evaluates traditional ML,
CNN-based DL, and VT architectures for multiclass AD classification using the
OASIS and ADNI datasets. Our contributions are threefold: (1) a systematic
comparison of conventional ML, CNN, and transformer architectures under com-
mon AD classification settings; (2) an analysis of their relative performance
across datasets with different sample characteristics; and (3) identification of
methodological and clinical considerations that should guide future develop-
ment of explainable, multimodal, and trustworthy AD classification systems.
Fig. [1] illustrates the standard AI pipeline considered in this study, including
preprocessing, representation learning, classification, and evaluation.

The remainder of the manuscript is structured as follows: Section [2] reviews
related research, Section [3] presents the experimental comparison, Section [4] dis-
cusses the principal findings and their implications, Section [5| outlines future
research directions, and Section [6] concludes the paper.

2 Related Study

Research on computational AD diagnosis has evolved from conventional feature-
based ML towards increasingly complex DL, multimodal, and transformer-based
architectures. This progression reflects both improvements in computational ca-
pability and the growing availability of neuroimaging datasets such as ADNI
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and OASIS. Early AI approaches generally relied on predefined imaging, de-
mographic, cognitive, or biomarker features followed by conventional classifiers.
More recent DL methods instead learn representations directly from MRI, PET,
and other clinical data, while transformer-based architectures seek to capture
global spatial relationships that may be difficult to represent using convolution
alone [36J3521].

Recent advances in ML and DL have therefore made these techniques im-
portant tools for AD detection and staging. ML enables predictive models to
identify relationships in structured biomedical information using supervised, un-
supervised, and semi-supervised learning. DL extends this capability by learning
hierarchical representations from high-dimensional and unstructured data, par-
ticularly medical images [30]. This distinction is important in AD research be-
cause conventional ML can remain highly competitive when sample sizes are lim-
ited and informative features are available, whereas DL is particularly attractive
when complex spatial information must be learned directly from neuroimaging
data [34144].

A major development has been the transition from purely local convolu-
tional representations towards attention-based architectures. Vision Transform-
ers divide an image into patches and model relationships between them through
self-attention. Unlike conventional CNNs, where the receptive field expands pro-
gressively through multiple layers, transformer architectures can explicitly model
interactions between spatially distant image regions. In brain MRI, this prop-
erty may be advantageous because AD-related structural alterations are not re-
stricted to a single anatomical region but may involve distributed changes across
hippocampal, temporal, cortical, and other structures. The growing performance
of ViT, Swin, DeiT, and hybrid CNN-Transformer architectures has therefore
stimulated considerable interest in their use for neurodegenerative disease clas-
sification [1314847I64124].

Another important evolution concerns the information used for diagnosis.
Neurodegenerative disease is intrinsically multimodal: MRI describes structural
characteristics, PET captures metabolic or molecular information, while clinical
assessments, demographics, genetics, physiological measurements, and cognitive
scores provide complementary evidence. Recent research has therefore increas-
ingly investigated multimodal fusion rather than relying on one imaging source
alone [T9T6/63I39]. Such approaches may improve robustness because differ-
ent modalities capture different manifestations of disease progression. However,
they also introduce challenges involving missing modalities, feature alignment,
sample-size requirements, interpretability, and privacy.

Explainability has consequently emerged as a parallel research direction. Al-
though improved classification accuracy is valuable, clinical users must be able
to assess whether predictions are based on medically plausible evidence. Fea-
ture attribution, SHAP, LIME, saliency analysis, and attention-based explana-
tions have increasingly been explored for dementia and AD models [62/57IT8/T4].
This requirement is especially relevant as architectures become more complex.
Transformer attention does not itself guarantee clinical explainability, and high-
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performing models still require systematic validation of their reasoning and be-
haviour.

The literature therefore reveals three interconnected trends: movement from
manually engineered ML towards representation-learning architectures, increas-
ing adoption of transformers and hybrid architectures, and growing attention
to multimodal and explainable healthcare AI. The present study is positioned
primarily within the first two trends by providing a controlled comparison of
conventional ML, CNN, and VT approaches, while the latter trends inform the
discussion of clinical translation and future work.

Machine Learning In healthcare, ML is gaining attention for disease diagnosis,
especially in conditions like Alzheimer’s Disease. Several conventional machine
learning methods, such as XGBoost, Support Vector Machines (SVM), k-nearest
Neighbors (KNN), and Logistic Regression (LR), have demonstrated promising
performance in AD classification [55I34/51144]. XGBoost, a powerful gradient-
boosting algorithm, has been widely used due to its efficiency and accuracy.
Fuliang et al. [67] used XGBoost-SHAP to address class imbalance in diagnosing
AD across different disease stages. The framework outperformed random forest
and AdaBoost models and provided interpretable information about influential
AD risk features, consistent with the wider emphasis on explainable dementia
modelling [3I8T4].

Support Vector Machines have also been extensively applied in AD diagno-
sis. Khedher et al. [23] developed a fully automated computer-aided diagnosis
system that combines MRI feature extraction with SVM classification. Acharya
et al. [2] developed a computer-aided diagnostic system for detecting AD from
brain MRI using the Shearlet Transform with KNN. Logistic Regression has
also shown effectiveness in classification tasks at different AD stages, as demon-
strated by Sheng et al. [52]. Similar comparisons across open dementia datasets
and multimodal MRI settings have been reported in Mahmud co-authored stud-
ies [34U51].

Deep Learning EfficientNet-B0 optimizes accuracy and efficiency in brain MRI
classification while reducing computational costs. InceptionResNet v2 enhances
training speed for multi-class AD classification and Inception v3 captures fea-
tures at various scales, yielding competitive accuracy. The ResNet family (50,
101, 152) employs deep residual learning to model complex features effectively.
These architectures have been extensively investigated for multiclass AD classi-
fication [TZUTTITOIRA0EAZAIITIG0].

Kundaram et al. [25] developed a CNN-based classifier using ADNI, and Ba-
saia et al. [7] employed a 3D CNN on T1-weighted images. Transfer Learning
has emerged as a valuable approach in AD classification. Jain et al. [20] lever-
aged VGG-16, while Wu et al. [66] compared AlexNet and GoogleNet. Related
Mahmud co-authored work has evaluated transfer-learning ensembles and CNN-
based MRI classifiers for AD and related neurodegenerative disorders [58/60J64].
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One can also refer to Shaffi et al. [45/44] for a comprehensive examination of ML
and DL algorithms for AD classification.

Vision Transformers Vision Transformers (ViTs) have emerged as powerful
architectures for computer vision applications, particularly image classification
and segmentation [22]. The original ViT demonstrated that transformer-based
models could surpass CNNs in image classification on large datasets. The Swin
Transformer [26] introduces a hierarchical design and shifting windows, and
DeiT [56] reduces data requirements while maintaining competitive performance.
In AD research, Mahmud and collaborators have investigated a dedicated ViT
pipeline, ensembles of transformer architectures, CNN-ViT hybrid models, and
hybrid ViT—graph models for multiclass MRI classification [48/47/64124].
Maram et al. [5] applied ViT to OASIS MRI scans. Sherwani et al. [53] com-
pared CNN against Deep ViT and CalT. Odusami et al. [37] combined MRI and
PET data from ADNI, while Lyu et al. [28] investigated cross-domain trans-
fer learning. Saman et al. [41] incorporated re-attention and CalT mechanisms,
Huang et al. [I5] introduced the Resize Swin Transformer, and Shin et al. [54]
demonstrated ViT for AD classification using PET imaging. More recent Mah-
mud co-authored studies extend this direction to multimodal AD detection, brain
structure—function modelling, and generative representations [T663I38G8].

3 Experimental Results

3.1 Experimental Setup

MRI Data The experiments were conducted using two widely used neuroimag-
ing datasets: the Open Access Series of Imaging Studies (OASIS, www.oasis-
brains.org) and the Alzheimer’s Disease Neuroimaging Initiative (ADNI, https:
//adni.loni.usc.edu/).

OASIS Dataset The OASIS dataset used in this study contains 6,400 images dis-
tributed across four categories according to the Clinical Dementia Rating scale.
These include non-demented (3,200), very mild demented (2,240), mild demented
(896), and moderately demented (64). A 70:30 train-test partition was adopted,
yielding 5,120 images for training and 1,280 for testing. The preprocessed images
were obtained from the Hugging Face platform [I].

ADNI Dataset T1-weighted MRI images were downloaded for subjects aged 50
to 65 from both genders. A total of 1,056 raw axial-plane MRI images were
grouped into four classes: AD (223), EMCI (475), LMCI (262), and CN (96).
The dataset was split 90:10 into 950 training and 106 test samples. The images
were sourced from ADNI-1, ADNI-2, and ADNI-GO.
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MRI Preprocessing The preprocessing pipeline comprised reorientation, reg-
istration, removal of non-brain tissues, and histogram equalization. These pro-
cedures were carried out using the FMRIB Software Library, with BET used
for skull stripping. A detailed description is provided by Viswan et al. [65/59];
related work has also highlighted the importance of MRI preprocessing and rep-
resentation choices for Al-based AD classification [36/35].

Implementation Previously trained VT weights were obtained through Hug-
ging Face. Conventional machine learning algorithms were developed with Scikit-
learn, while pretrained CNN architectures were accessed through TensorFlow.
All models were fine-tuned and evaluated using a Windows system equipped with
an NVIDIA RTX 3060 graphics card and a CPU operating at 3.2 GHz. The im-
plementation is available at https://github.com/snoushath/VIT-CNN-AD.git.

Validation Acc

(@)  Model Training on OASIS Dataset (b) Model Training on the ADNI dataset

Fig. 2. Model training of vanilla VT models: (a) OASIS and (b) ADNI datasets.

3.2 VT Training and Testing

This experiment investigates the training behavior of four VT architectures on
OASIS and ADNI. While OASIS provides a relatively larger number of training
samples, ADNI represents a more data-constrained setting. Figure [2| presents
training loss, validation loss, and validation accuracy over 50 epochs. Similar
performance trends were observed across both datasets, supporting previous
observations that transformer-based AD classifiers can be effective under varying
data regimes [48/4764/24].

The findings reported in Table [I] indicate comparable test results among
the evaluated VT models. On OASIS, ViT, Swin Transformer, DeiT, and BEiT
achieve high accuracy, specificity and sensitivity. A similar trend is observed
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Table 1. Performance of the evaluated VT architectures across different classification
metrics on OASIS and ADNI.

Models OASIS Dataset ADNI Dataset

Acc|Spe|Sen |FNR|FPR|Acc|Spe|Sen |[FNR|FPR
ViT 97.2|98.9/92.0| 8.0 | 1.1 [99.0/99.6/99.2| 8.0 | 3.6
Swin [98.0{99.1]94.1| 5.8 | 0.9 |99.5/99.6/98.9| 1.0 | 0.4
DeiT [98.4(99.3|97.0| 3.0 | 0.6 {99.0{99.6{98.9| 1.1 | 0.3
BEiT [97.7(99.0({95.3| 4.0 | 0.9 {99.0{99.7]98.9| 1.0 | 0.3

on ADNI. These findings are consistent with Mahmud co-authored AD stud-
ies reporting strong performance from transformer and hybrid architectures
AR 764124).

3.3 Comparison with CNN Models

Although VTs have progressed considerably, CNNs continue to play an impor-
tant role in medical computer vision. We compare VT- and CNN-based models
using ADNI and OASIS. CNN architectures include EfficientNetB0, Inception-
ResNetV2, InceptionV3, ResNet50, ResNet101 and ResNet152. For fine-tuning,
the original classification layer was replaced with the layer sequence adopted
in [45/44]. Previous Mahmud co-authored comparisons of pretrained deep net-
works, DenseNet ensembles and Siamese CNNs provide additional context for
these architectures [60J40/43/12].

Using OASIS Dataset The four vanilla VT models achieved strong per-
formance on OASIS. In comparison, EfficientNetBO produced relatively high
training and validation errors and achieved a test accuracy of 43.80%. Incep-
tionResNetV2 and InceptionV3 also exhibited differences between training and
validation behavior.

Table 2. Performance comparison of VT and CNN architectures on OASIS.

Architectures Test Acc Val Acc Train Loss Val Loss
EfficientNet B0 43.80  92.59 74.12 68.25
InceptionResNetV2 52.10 81.44 10.29 97.48
InceptionV3 73.12  93.29 57.48 68.60
ResNet50 84.92  96.59 30.30 44.74
ResNet101 82.96  96.40 30.74 45.10
ResNet152 85.54  97.11 29.19 40.24
DeiT 98.43 95.50 5.70 14.83

Using the ADNI Dataset The results obtained on the smaller ADNI dataset
(Table [3)) further demonstrate strong VT performance relative to CNNs. BEIT,
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ViT, and Swin adapted effectively to the limited training data. This finding ac-
cords with recent Mahmud co-authored studies investigating transformer-based
and hybrid AD classification under medical-imaging constraints [48/47164124].

Table 3. Performance comparison of VT and CNN architectures on ADNI.

Architectures Test Acc Val Acc Train Loss Val Loss
EfficientNet B0 88.03  99.00 39.32 26.06
InceptionResNetV2 59.80  83.66 1.0259 1.0107
InceptionV3 85.64  96.62 35.24 53.60
ResNet50 94.73  99.46 6.27 18.74
ResNet101 94.25  99.14 3.34 32.52
ResNet152 87.55  99.15 9.90 23.49
BEIiT 100.0 98.41 5.0 6.0

3.4 Comparison with ML Models

DL algorithms have achieved considerable success across computer vision ap-
plications. Nevertheless, their use may not always be necessary when data are
limited. Shaffi et al. [45/44] showed that diverse ML classifiers can achieve com-
petitive performance in data-constrained medical applications. Accordingly, we
consider XGBoost, SVM, KNN and LR and compare them with VT architec-
tures. Related Mahmud co-authored studies have also compared conventional
ML for dementia and multi-planar MRI-based AD classification [34U5T3].

Table 4. Performance comparison of ML algorithms on OASIS.

Method Accuracy Specificity Sensitivity FNR ~ FPR
XGBoost 0.8902  0.9633 0.8905 0.1094 0.0366

SVM 0.9132 0.9107 0.9135 0.0864 0.0893
KNN 0.9371 0.9790 0.9377 0.0622 0.0209
LR 0.907 0.969 0.9074  0.0925 0.0309

BEIT [6] 0.9843 0.9931 0.9696 0.0303 0.0068

The ML results are presented in Tables [] and 5] KNN achieved the highest
OASIS accuracy among the ML models, while SVM was particularly strong
on ADNI. The VT architectures consistently achieved higher values across the
evaluated metrics. This broader pattern is compatible with recent Mahmud co-
authored comparisons of conventional, deep and transformer-based AD classifiers
[AA6048/47].

The performance evaluation of all AT model families is presented in Table [6]
The results indicate that the evaluated VT models substantially outperform both
CNNs and traditional ML algorithms in this experimental setting.
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Table 5. Performance comparison of ML algorithms on ADNI.

Method Accuracy Specificity Sensitivity FNR ~ FPR

XGBoost 0.9809  0.9925 0.9803 0.0196 0.0074
SVM 0.9904 0.9967 0.9895 0.0104 0.0032
KNN 0.9809  0.9931 0.9803 0.0196 0.0068
LR 0.9809  0.9925 0.9803 0.0196 0.0074
Swin|26] 0.9952 0.9963 0.9887 0.0112 0.0036

Table 6. Overall performance comparison of ML, CNN, and VT models on OASIS.

Models Methods Accuracy Specificity Sensitivity FNR FPR
ML XGBoost 89.02 96.33 89.05 10.94 3.66
SVM 91.32 91.07 91.35 8.64 8.93
KNN 93.71 97.90 93.77 6.22 2.09
LR 90.7 96.90 90.74 9.25 3.09
CNN  EfficientNetB0 43.80 52.81 41.21 76.23 0.331
InceptionResNetV2 52.10 76.55 27.14 72.85 23.44
ResNet50 84.92 93.33 83.01 16.98 6.66
ResNet101 82.96 92.60 80.13 19.86 7.39
ResNet152 85.54 93.82 82.33 17.66 6.17
vT ViT 97.18 98.82 91.95 8.08 1.18
Swin 98.04 99.13 94.15 5.84 0.86
DeiT 98.43 99.31 96.96 3.03 0.68
BEiT 97.73 99.05 95.33 4.66 0.94

4 Discussion

The experimental results demonstrate a consistent performance advantage for
the evaluated Vision Transformer architectures over both conventional ML and
CNN models. On OASIS, the strongest conventional ML model reaches an ac-
curacy of 93.71%, whereas DeiT achieves 98.43%. A similar pattern occurs on
ADNI, where SVM reaches 99.04% and Swin reaches 99.52%. Although these dif-
ferences are numerically modest on ADNI because all models perform strongly,
the results indicate that transformer-based representations can remain effective
even in a comparatively data-constrained setting. This observation is consis-
tent with recent Mahmud co-authored studies investigating ViT-based, ensem-
ble, CNN-Transformer, and graph-enhanced transformer architectures for AD
classification [484764124].

The comparison with CNN architectures is particularly noteworthy. Deep
CNNs such as ResNet perform substantially better than EfficientNetBO and
Inception-based models in several experiments, illustrating that classification
performance cannot be attributed simply to the use of DL. Architecture, pre-
training, optimisation, dataset composition, and fine-tuning strategy all affect
generalisation. The strong VT results may partly reflect the ability of self-
attention to represent relationships among spatially separated MRI regions.
However, the present experiments do not directly establish that attention itself
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causes the improvement. Controlled ablation studies comparing representation
mechanisms, parameter counts, pretraining datasets, and optimisation proce-
dures would be required to establish such a causal interpretation.

The very high accuracies observed on ADNI also warrant careful interpre-
tation. Performance approaching 100% may indicate strong discriminative in-
formation, but medical imaging studies are particularly susceptible to dataset-
specific signals, preprocessing effects, scanner characteristics, class composition,
and potential correlations between samples from the same individual. External
validation and strictly subject-independent evaluation are therefore essential be-
fore interpreting high benchmark accuracy as evidence of clinical generalisability.
Future comparisons should report uncertainty intervals and include independent
datasets or cross-dataset testing wherever possible.

From a clinical perspective, predictive performance is also insufficient on its
own. An AD classification model should provide understandable evidence for its
predictions and communicate uncertainty when imaging findings are ambigu-
ous. Existing work on explainable AD classification and broader XAI highlights
the importance of identifying clinically meaningful imaging regions and avoid-
ing opaque decisions [62J57I18|T4]. Likewise, emerging healthcare AT frameworks
emphasise privacy, human oversight, personalisation, and inclusion [31I333229].
The results presented here should therefore be viewed as a comparative assess-
ment of model discrimination rather than evidence that any individual architec-
ture is ready for autonomous clinical deployment.

Finally, multimodal modelling represents an important progression beyond
the single-modality MRI experiments considered here. Combining structural
imaging with PET, cognitive assessments, demographic information, biomark-
ers, or longitudinal observations could provide a more complete representation
of AD progression [I9I663|. Future transformer architectures may be particu-
larly well suited to this setting because attention mechanisms can be extended
to interactions between heterogeneous modalities. The principal challenge will
be ensuring that increased architectural complexity produces clinically mean-
ingful and externally reproducible improvements rather than better fitting of
individual benchmark datasets.

5 Scope for Future Work

Building on the comparative findings and limitations discussed above, several
directions warrant further investigation. First, the findings are based on OASIS
and ADNI and may not fully represent diverse real-world clinical populations.
Second, explainability is essential when AI models are deployed in medical prac-
tice, while this study focused primarily on predictive performance. A future
comparative analysis should therefore examine model explanations using estab-
lished XATI methods and AD-specific evidence [62J57J18T4]. Third, future work
should evaluate multimodal learning that combines MRI with clinical, physiolog-
ical, functional, or other complementary information [TI6/6338I6839]. Finally,
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translation to clinical environments should consider privacy, uncertainty, human
oversight, accessibility and inclusion alongside accuracy [31U33I32/29/4].

6 Conclusion

In this study, we compared ML, DL, and VT models for AD classification using
MRI data from OASIS and ADNI. The results demonstrate the effectiveness of
DL models and show that, in the evaluated experiments, vision transformer ar-
chitectures consistently outperform the CNN and conventional ML alternatives.
These findings are consistent with a growing body of Mahmud co-authored work
on transformer, hybrid and multimodal AI for AD classification [48/47/6412416].

Despite the computational efficiency of traditional ML algorithms such as
KNN, SVM, and XGBoost, DL and VT models achieved stronger classification
metrics in this study. Future work should extend the analysis to multimodal
data, explainability, externally validated cohorts, and trustworthy deployment.
In this context, explainable and privacy-preserving personalised Al, preventive
and inclusive healthcare Al, human-centred multi-agent healthcare systems, and
inclusive multimodal digital-human modelling provide complementary directions
for responsible clinical translation [STJ3332/29].
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