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Abstract

The automated detection of Alzheimer's Disease (AD) is increasingly critical for global healthcare systems, as conventional
diagnostic pathways remain subjective, resource-intensive, and poorly scalable to resource-constrained clinical settings such
as those prevalent in Indonesia. This study presents a rigorous comparative evaluation of three deep learning architectures -
a custom Convolutional Neural Network (CNN), ResNet-50, and Vision Transformer (ViT/B-16)- for binary AD classification
from Axial T1-weighted MRI. To assess genuine generalizability rather than in-distribution performance, a cross-dataset
validation strategy was adopted.: models were trained on the public dataset, i.e., the Falah/HuggingFace dataset, and then
evaluated on the private dataset collected from Rumah Sakit Hasan Sadikin (RSHS), Bandung, Indonesia. To eliminate
hyperparameter bias as a confounding variable, a systematic Grid Search across 27 configurations was conducted, combining
three optimizers (Adam, SGD, and AdamW) with three learning rates (0.001, 0.0001, and 0.00001) per architecture. ResNet-
50 with SGD at Ir = 0.0001 emerged as the optimal configuration, achieving the highest internal accuracy of 0.989 (F1 =
0.980) and retaining a robust external accuracy of 0.823 (F1 = 0.825), surpassing all six prior benchmarked studies, none of
which conducted external clinical validation. ViT exhibited severe domain sensitivity, collapsing from 0.985 internal to 0.617
external accuracy, a 37.36% degradation attributable to attention miscalibration under distribution shift. The Custom CNN
achieved a moderate external accuracy of 0.653, outperforming ViT by 5.83% and confirming the structural advantage of
convolutional inductive biases in limited-data regimes. These findings indicate that CNN-based architectures offer a safer,
computationally more efficient, and clinically applicable solution for AD diagnosis compared to Transformer models, which
rely heavily on large amounts of data.
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1. Introduction burden [2]. Despite this urgency, early and accurate

diagnosis  remains a  formidable challenge.
Conventional diagnostic pathways depend heavily on
neuropsychological assessments, specialist expertise,
and costly imaging modalities such as Positron
Emission Tomography (PET), all of which are
resource-intensive and prone to inter-rater subjectivity
[3]. Structural Magnetic Resonance Imaging (MRI)
offers a non-invasive and more accessible alternative,
enabling the detection of hallmark neuroanatomical
changes associated with AD, including hippocampal
atrophy, cortical thinning, and ventricular enlargement.

Alzheimer's Disease (AD) is a chronic, irreversible
neurodegenerative disorder and the most prevalent
cause of dementia globally, responsible for an estimated
60—70% of all dementia cases [1]. Alzheimer’s disease
(AD) manifests clinically through progressive deficits
in memory, executive function, and behavioral
capabilities, contributing to a substantial and escalating
socioeconomic burden in the context of the rapidly
aging global population. Projections indicate that the
number of individuals living with dementia will surpass
150 million by 2050, with low- and middle-income
countries bearing a disproportionate share of this
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The emergence of Deep Learning (DL) has
fundamentally transformed the landscape of medical
image analysis. Convolutional Neural Networks
(CNNs) have long constituted the architectural
foundation of automated diagnostic systems, leveraging
their inherent inductive biases, specifically translation
invariance and local feature extraction, to identify
pathological patterns from MRI data with high
efficiency [4]. ResNet-50, a residual network
architecture, has further advanced this paradigm by
enabling the training of substantially deeper networks
through skip connections that mitigate the vanishing
gradient problem, establishing itself as a robust
benchmark in neuroimaging classification. More
recently, Vision Transformers (ViT) have challenged
CNN supremacy by employing self-attention
mechanisms that model global spatial dependencies
across entire image sequences simultaneously, rather
than processing local receptive fields in isolation [5].
This architectural distinction has triggered active debate
regarding which paradigm is most suitable for clinical
medical imaging tasks.

While prior studies have individually demonstrated
promising results, a systematic examination of the
existing literature reveals three critical and under
addressed limitations. First, the predominant majority
of published studies rely exclusively on a single-source
dataset for both training and evaluation a design that
produces optimistically inflated performance metrics
that frequently fail to replicate in independent clinical
environments [6]. For instance, proposed a modified
ViT achieving strong multi-stage classification
accuracy, yet validation was confined to the same data
distribution used during training. [7], validated ResNet-
50 on MRI data drawn from the same imaging protocol,
precluding any meaningful assessment of cross-domain
generalizability. Second, existing comparative studies
rarely subject multiple architectures simultaneously to
identical hyperparameter optimization protocols,
making cross-architecture performance comparisons
susceptible to confounding from suboptimal
configurations rather than genuine architectural
differences. Third, the overwhelming reliance on
standardized international datasets such as ADNI or
OASIS fails to account for the substantial heterogeneity
introduced by local scanner specifications, patient
demographic variations, and acquisition parameters
characteristic of clinical settings in developing
countries, particularly Indonesia [8].

Novelty and contribution of this study, to address these
concurrent limitations, this study introduces a rigorous
and reproducible comparative framework with three
distinguishing contributions.  First, rather than
partitioning a single dataset, this research adopts a
cross-dataset validation strategy: models are trained
exclusively on the publicly available Falah/Alzheimer
MRI dataset from HuggingFace and evaluated on a
primary, independently acquired external dataset
consisting of Axial Tl-weighted MRI sequences
collected from Rumah Sakit Hasan Sadikin (RSHS),
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Bandung, Indonesia. This design directly simulates
real-world deployment conditions, where the source
and target domains diverge in scanner vendor,
acquisition protocol, and patient population a scenario
that internal validation fundamentally cannot capture
[9]. Second, to eliminate hyperparameter bias as a
confounding variable, a comprehensive Grid Search
across 27 configurations is conducted, systematically
varying three optimizers (Adam, SGD, and AdamW)
against three learning rates (0.001, 0.0001, and
0.00001) for each of the three architectures Custom
CNN, ResNet-50, and ViT/B-16 ensuring that
performance comparisons reflect genuine architectural
capability rather than configuration artifacts. Third, this
study provides empirical evidence from a clinically
grounded Indonesian dataset, directly contributing to
the underrepresented but growing body of literature on
Al-assisted diagnostics in Southeast Asian healthcare
infrastructure.

The central research question addressed herein is:
Under cross-dataset conditions that simulate real
clinical deployment, does the self-attention mechanism
of Vision Transformers offer a generalizable advantage
over CNN-based architectures, or do the inductive
biases inherent to CNNs render them more robust to
domain shift in limited-data medical imaging regimes?
The answer to this question carries direct implications
for the safe and efficient deployment of automated AD
diagnostic tools in resource-constrained clinical
environments.

2. Methods

Building upon the gaps identified in the existing
literature, the following methodology was designed to
systematically evaluate and compare the generalization
capability of three deep learning architectures under a
controlled cross-dataset validation framework.

2.1 Dataset

To ensure robust generalization and evaluate resistance
to domain shift, this study utilizes a cross-dataset
strategy involving two distinct sources of Axial TI1-

weighted MRI sequences.
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Figure 1 shows examples of images from the

“Falah/Alzheimer MRI Dataset” from HuggingFace
[10]. The dataset consists of 6,400 MRI scans labeled
into four clinical stages: Non-Demented, Very Mild
Demented, Mild Demented, and Moderate Demented.
These labels were originally derived from the Clinical
Dementia Rating (CDR) scores assigned during the
ADNI diagnostic protocols [11].
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Figure 1. Falah Alzheimer dataset
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To align with the scope of this research (binary
identification), the four classes were transformed into a
binary format. Class 0 includes all images labeled
“Non-Demented,” consisting of 2,566 MRI scans. For
the positive class, instances of Mild Demented (CDR 1)
and Moderate Demented (CDR 2) were combined into
a single unified class designated as Alzheimer’s, which
comprises 960 MRI scans.

Notably, images labeled Very Mild Demented (CDR
0.5) consist of 1,781 MRI scans that were excluded.
This decision was implemented to align the diagnostic
protocols of the external test data from Rumah Sakit
Hasan Sadikin Bandung, where a clinical diagnosis of
Alzheimer’s Disease is typically confirmed only at
advanced impairment levels (corresponding to a
Clinical Dementia Rating (CDR) score >1), whereas
Very Mild Demented cases are often categorized
clinically as Mild Cognitive Impairment (MCI) rather
than confirmed AD.

However, acknowledging that internal validation often
yields optimistic results due to data homogeneity. As
noted by [12], this study further subjected the optimized
models to external validation using independent data
from Hasan Sadikin Hospital (RSHS). This dual-stage
protocol ensures the reported performance reflects not
only the model's fundamental learning capacity but also
its true ability to generalize across real-world domain
shifts, such as differences in scanner vendors and
acquisition parameters.

2.2 Model Architecture

This experimental design contrasts a proposed custom
CNN model designed specifically for limited resource
environments against established industry benchmarks
(ResNet-50 and ViT). This comparative approach aims
to determine whether the high computational cost of
complex, pre-trained models yields a statistically higher
performance benefit over a streamlined, lightweight
architecture when applied to specific binary
classification tasks on limited MRI datasets.

RESMET-50
BACKBONE

Pre-trained on ImageNet

INPUT MRI

Stage 2

Feature Extraction (Frozen)

| FROZEN LAYERS |

Backbone weights
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As shown in Figure 2, this CNN’s architecture
prioritizes a streamlined feature extraction process with
minimal parameter overhead. The network consists of
three sequential convolutional blocks and a classifier.
Each convolutional layer utilizes the ReLU activation
function to introduce non-linearity. ReLU is the
preferred choice for modern CNNs as it accelerates
convergence by solving the vanishing gradient problem
[13]. The extracted feature maps are passed through a
fully connected dense layer of 128 neurons, as essential
for integrating local features into global representations.
To prevent overfitting, a common problem in medical
datasets, a Dropout layer is applied before the final
output. This technique randomly deactivates neurons
during training to force the network to learn more robust
features. The final classification is performed by a layer
of two neurons with a Softmax activation function,
which outputs a distribution for the two classes Normal

and Alzheimer’s.
Input Layer
Size: 224 x 224 x 3

Conv2D
32 Filters, Kernel 3x3, ReLU

Max Pooling

Block 1 Pool Size 2x2

Conv2D
64 Filters, Kernel 3x3, ReLU

Max Pooling

Block 2 Pool Size 2x2

Conv2D
128 Filters, Kernel 3x3, ReLU

Max Pooling

Block 3 Pool Size 2x2

Classifier

Flatten Dense (Fully Connected)
Convert 3D maps to 1D vector 128 Neurons, ReLU

Dropout
Rate = 0.5

-

v

Output Dense (Output)
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Figure 2. CNN
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Figure 3. Transfer learning pipeline for ResNet-50.
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ResNet-50 was adopted as the first benchmark
architecture, representing the established standard in
deep CNN-based medical image classification. As
illustrated in Figure 3, the transfer learning pipeline for
ResNet-50 consists of four sequential stages. In the first
stage, the backbone network pre-trained on the
ImageNet dataset comprising over 1.2 million images
across 1,000 categories serves as a universal feature
extractor, leveraging low-level edge detectors and high-
level semantic representations acquired from large-
scale visual data [14].

In the second stage, the original fully connected
classification head, designed for 1,000-class ImageNet
output, is surgically removed. In the third stage, a
Global Average Pooling (GAP) layer is inserted to
spatially aggregate feature maps from the final
convolutional block, reducing spatial dimensions while
retaining feature depth and substantially mitigating
overfitting risk. Finally, a single dense output layer with
two neurons and a Softmax activation function is
appended to produce a binary probability distribution
over the Normal and Alzheimer's classes. During fine-
tuning, the convolutional backbone layers were
selectively  frozen to  preserve  pre-trained
representational knowledge, while only the newly
appended layers were trained on the target MRI dataset.

The convolutional backbone retains pre-trained
ImageNet weights with frozen parameters. The original
1,000-class head is removed and replaced with a Global
Average Pooling layer followed by a binary dense
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embeddings classification
added to
wvia learned matrix [ o R
Pre-processed order H global info
196 Tokens D =768 !
Sequence: 197 1+196= 197
tokens

TRANSFORMER ENCODER =
12

Pre-trained on ImageNet

21k Tttt
Sequential stacked blocks FROZEN
ENCODER

Layer Nerm (LM ~
All 12 encoder

n (12 heads, e o ! block w

ghts
locked

Residual Connection + LN
No Gradient

Feed-Forward Network (MLF, Dx4 Update

Residual Connection

BGM Parameters

Stage 2
re Input Patch Tokenization

during fine-tuning |

Stage3
Sequence Embedding

Jurnal RESTI Vol. 10 No. 5 (2026)

output layer, which is the only component subject to
gradient updates during training.

The Vision Transformer (ViT/B-16) was implemented
as the second benchmark, representing the attention-
based paradigm of image understanding. As illustrated
in Figure 4, the transfer learning pipeline for ViT/B-16
begins with a patch embedding stage, wherein each
input MRI image of resolution 224x224 pixels is
partitioned into a sequence of non-overlapping patches
of fixed size 16x16 pixels, yielding 196 patch tokens
per image [15]. Each patch is linearly projected into a
768-dimensional embedding vector, to which a
learnable positional encoding is added to preserve
spatial order information a critical step absent in
standard sequence models. These embedded patch
sequences are then passed through 12 stacked
Transformer Encoder blocks, each comprising a Multi-
Head Self-Attention (MHSA) mechanism with 12
attention heads and a Feed-Forward Network (FFN)
sub-layer, enabling the model to capture long-range
global dependencies across the entire brain slice
simultaneously. Following the pre-training extraction
stage, the original classification token head is removed
and replaced with a binary dense output layer consistent
with the ResNet-50 fine-tuning protocol. The backbone
encoder weights, initialized from ImageNet-21k pre-
trained checkpoints, were frozen during initial training
phases to prevent catastrophic forgetting of learned
patch-level representations.

POSITIONAL

PREDICTION

HEAD

P{Normal}

P{Alzheimer's)

Binary Output
Softmax activation

Trainable

Stage 4
Self-Attention Encoding (Frozen)

Figure 4. Transfer learning pipeline for ViT/B-16.

The input MRI is decomposed into 196 patches of blocks. The original classification head is removed and

16x16 pixels, embedded into 768-dim vectors, then
processed through 12 frozen Transformer Encoder

replaced with a trainable binary dense layer.
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2.3 Experimental Setup and Implementation

To ensure the reproducibility of the computational
efficiency metrics, all experiments were executed in a
cloud-based environment. The model training and
evaluation were performed using a Kaggle Notebook
environment equipped with a NVIDIA Tesla T4 GPU
with 16 GB of VRAM, a CPU Intel Xeon® with 4 cores,
and 13GB of RAM.

To address the small dataset size without adding extra
storage requirements from generating data offline, the
model employed Online Data Augmentation.
Transformations were applied dynamically during the
training loop.

The software framework utilized Python 3.11 with
TensorFlow 2.18 and Keras libraries for Deep Learning
implementation. To guarantee consistency across the
three architectures, all environmental variables were
kept constant throughout the experiment. This included
a fixed batch size of 32 and floating-point precision
(float32). Furthermore, a uniform training protocol was
applied: a maximum of 30 epochs was set, utilizing an
Early Stopping mechanism with a patience of 5,
monitoring validation loss. This ensured that training
was automatically halted if convergence plateaued,
effectively mitigating overfitting while optimizing
computational resources.

2.4 Hyperparameter Optimization

Hyperparameter Optimization is the configuration
variables set before the training process that determine
the behavior of the learning algorithm and the structure
of the model, distinct from the internal weights learned
from the data [16]. Optimizing these parameters is
critical, as poor configurations can lead to training
instability and weak generalization, negating the
advantages of even the most advanced architectures.

To identify the optimal configuration for each
architecture, a comprehensive Grid Search was
conducted, making it a total of 27 experimental runs to
cover all three distinct architectures against three
optimizers and three learning rates. The total of 27
experimental configurations is derived from a full
factorial combination of three independent variables:
architecture type (CNN, ResNet-50, and ViT),
optimization algorithm (Adam, SGD, and AdamW),
and learning rate (0.001, 0.0001, and 0.00001), yielding
3x3x3 =27 unique treatment conditions.

This full factorial design was deliberately chosen over
random search or Bayesian optimization for two
principal reasons. First, the relatively small size of the
hyperparameter space (27 configurations) renders
exhaustive enumeration computationally tractable
within the allocated cloud GPU budget. Second, a full
factorial design ensures that all first-order interaction
effects between optimizer choice and learning rate are
captured for each architecture independently, avoiding
the partial coverage and potential confounding that
characterizes random or sequential search strategies.
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This approach guarantees that the reported best-
performing configuration for each architecture reflects
the true optimal within the defined search space rather
than a locally explored subspace, enabling statistically
valid cross-architecture comparisons [17].

The search strategy prioritized the two hyperparameters
most critical to convergence behavior and
generalization. Regarding optimization algorithms,
Stochastic Gradient Descent (SGD) was employed as
the classical first-order optimizer baseline. Despite its
simplicity, SGD has been empirically demonstrated to
converge to flatter minima in the loss landscape
compared to adaptive optimizers, a property strongly
associated with superior model generalization and
robustness on  out-of-distribution data.  This
characteristic makes SGD particularly relevant in cross-
dataset validation scenarios where generalization to an
unseen domain is the primary criterion. Adam was
subsequently incorporated for its adaptive per-
parameter learning rate mechanism, which accelerates
convergence on non-stationary loss surfaces, making it
the standard optimizer for medical image classification
tasks [18]. AdamW was specifically selected for the
Vision Transformer architecture, as its decoupled
weight decay formulation provides statistically
significant regularization benefits for large-scale
attention-based models prone to overfitting on limited
datasets.

The three learning rates (0.001, 0.0001, and 0.00001)
were selected based on a logarithmic scale spanning
three orders of magnitude, consistent with established
hyperparameter search practices in deep learning for
medical imaging. This range was designed to
systematically capture the trade-off between rapid early
convergence (higher learning rates) and stable fine-
grained optimization near local minima (lower learning
rates), while avoiding the risk of gradient oscillation or
training stagnation [19].

Furthermore, AdamW was specifically incorporated in
regularizing the more complex ViT architecture. As
demonstrated in recent theoretical analyses. AdamW’s
mechanism of decoupling weight decay from gradient
updates offers statistically significant improvements in
generalization for deep models prone to overfitting.
Lastly, learning rates were experimented on a different
logarithmic scale (0.001, 0.0001, and 0.00001) to see
how they affect the balance between faster convergence
and the possibility of the model becoming unstable or
bouncing around.

2.5 Model Evaluation

To rigorously assess both the learning capacity and real-
world clinical generalizability of the proposed
architectures, this study implemented a structured two-
stage evaluation framework comprising an internal
testing phase and an external validation phase. This
dual-stage design was deliberately adopted in response
to a well-documented methodological limitation in
medical imaging research, wherein models evaluated
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exclusively on data drawn from the same distribution as
their training set consistently produce overly optimistic
performance estimates that fail to replicate in
independent clinical environments. The complete
testing workflow is described sequentially below.

Stage I Internal Testing. Prior to any model training, the
Falah/HuggingFace dataset was partitioned using
stratified random sampling into three non-overlapping
subsets: 80% for training, 10% for validation, and 10%
reserved as a held-out internal test set. The internal test
set was isolated before training commenced and
remained entirely unseen throughout all training
iterations and hyperparameter tuning steps conducted
during the Grid Search. This partition comprised 352
images 256 “Non-Demented” and 96 “Alzheimer's”
preserving the binary class distribution of the source
dataset. Preprocessing applied to the internal test set
was strictly limited to those transformations also
applied during training: pixel value normalization to the
[0, 1] range and bilinear resizing to 224x224 pixels. No
data augmentation was applied to the test set to prevent
any artificial inflation of test-time performance. During
inference, all models were operated in evaluation mode,
with  dropout layers deactivated and batch
normalization layers utilizing frozen inference-time
running statistics rather than batch-level statistics,
ensuring fully deterministic and reproducible prediction
outputs. Internal test performance establishes the
baseline diagnostic capability of each model on unseen
data originating from the same source domain as the
training distribution.

Stage 2 External Clinical Validation. Following internal
testing, the single best-performing model identified
from the Grid Search selected based on the highest
validation accuracy achieved during training was
subjected to external validation on the independently
acquired RSHS clinical dataset. This dataset consists of
Axial T1-weighted MRI sequences collected at Rumah
Sakit Hasan Sadikin (RSHS), Bandung, Indonesia,
under clinical acquisition conditions entirely distinct
from those of the Falah dataset. Critically, no retraining,
weight updating, fine-tuning, or domain-specific
preprocessing of the model was performed prior to
external evaluation.

The model weights were loaded directly from the
checkpoint saved at the conclusion of internal training
and applied as-is to the RSHS images, directly
simulating a zero-shot cross-institutional deployment
scenario. The domain shift between the two datasets is
substantial and multidimensional: the RSHS scans
originate from a different scanner vendor with distinct
field strength specifications, differ in image contrast
and noise characteristics, and notably contain non-brain
anatomical structures including the skull, scalp, and
ocular anatomy that were absent from the pre-processed
Falah training images. These conditions represent the
realistic heterogeneity encountered when deploying Al-
assisted diagnostic tools across different hospital
environments without dedicated local retraining [20].
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The magnitude of the performance difference between
Stage 1 and Stage 2 results constitutes the primary
quantitative measure of each architecture's domain
generalizability and clinical robustness.

Evaluation Metrics. To provide a clinically
comprehensive and diagnostically meaningful analysis
of model performance across both testing stages, four
complementary metrics were calculated. In the context
of Alzheimer's Disease screening, the consequences of
False Negatives missed diagnoses in patients who are
actually affected and False Positives incorrect
diagnoses in healthy patients carry distinct clinical
implications and must therefore be assessed
independently rather than through accuracy alone.

Accuracy (ACC) serves as the primary aggregate
correctness metric, quantifying the proportion of all
predictions, both positive and negative that are
classified correctly. The formula of accuracy is shown
in Equation 1.

ACC = —_TPHTN

T TP+FP+TN+FN

)

Recall (REC), also referred to as Sensitivity, was
prioritized as the critical clinical metric in this study, as
it quantifies the model's ability to correctly identify all
true positive Alzheimer's cases, thereby minimizing the
risk of missed diagnoses the most clinically
consequential error type in a screening context. The
formula of recall is shown in Equation 2.
TP
TP+FN

REC =

@

Precision (PREC) was evaluated to measure the positive
predictive value of the model specifically, the
proportion of patients flagged as Alzheimer's-positive
by the model that represent genuine true positive cases,
thereby minimizing unnecessary diagnostic burden on
healthy patients. The formula of precision is shown in
Equation 3.
TP
TP+FP

PREC =

(€))

F1-Score (F1) provides a single harmonized metric that
integrates both Precision and Recall through their
harmonic mean, offering a balanced performance
indicator that is particularly informative under the class
imbalance conditions present in this dataset. The
formula of f1-score is shown in Equation 4.

PRECXREC

Fl=2X—7——
PREC+REC

“4)
All four metrics were computed independently for each
testing stage and reported separately to enable direct
quantification of the generalization gap attributable to
domain shift between the source training domain and
the target clinical environment.

2.6 Training Scheme

In the model training process, using grid search, as
shown in Table 1. To systematically identify the most
effective deep learning configuration for AD
classification, this study implemented a comprehensive
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grid search protocol involving three distinct

architectures, i.e., CNN, ResNet-50, and ViT.

This multi-architecture comparison aligns with the
recent findings of [21], who emphasize that while
Transformers offer superior long-range dependency
modelling, CNNs may still outperform on smaller
medical datasets due to their inductive biases.

Table 1. Training Scheme

Model Method Learning Rate Optimizer
Model 1 CNN 0.001 Adam
Model 2 CNN 0.001 SGD
Model 3 CNN 0.001 AdamW
Model 4 CNN 0.0001 Adam
Model 5 CNN 0.0001 SGD
Model 6 CNN 0.0001 AdamW
Model 7 CNN 0.00001 Adam
Model 8 CNN 0.00001 SGD
Model 9 CNN 0.00001 AdamW
Model 10 ResNet-50 0.001 Adam
Model 11 ResNet-50 0.001 SGD
Model 12 ResNet-50 0.001 AdamW
Model 13 ResNet-50 0.0001 Adam
Model 14 ResNet-50 0.0001 SGD
Model 15 ResNet-50 0.0001 AdamW
Model 16 ResNet-50 0.00001 Adam
Model 17 ResNet-50 0.00001 SGD
Model 18 ResNet-50 0.00001 AdamW
Model 19 ViT 0.001 Adam
Model 20 ViT 0.001 SGD
Model 21 ViT 0.001 AdamW
Model 22 ViT 0.0001 Adam
Model 23 ViT 0.0001 SGD
Model 24 ViT 0.0001 AdamW
Model 25 ViT 0.00001 Adam
Model 26 ViT 0.00001 SGD
Model 27 ViT 0.00001 AdamW

As shown in Table 1, the experimental design combined
two critical hyperparameters (Optimizer and Learning
rate) across these models to optimize performance.
Furthermore, each optimizer was paired with three
different learning rates to mitigate the risk of local
minima stagnation. This factorial combination resulted
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in a total of 27 unique experimental models. This
rigorous approach ensures that the final performance
comparisons are based on optimal settings rather than
arbitrary defaults.

2.7 System Flow

As shown in Figure 5, the complete experimental
workflow is structured as a multi-stage pipeline
beginning with data ingestion and preprocessing. The
primary HuggingFace dataset first undergoes binary
transformation and normalization before being
stratified into three distinct subsets: an 80% training
partition dedicated to feature learning, a 10% validation
partition used strictly for hyperparameter tuning and
early stopping, and a 10% internal hold-out test set
reserved for baseline evaluation.

Parallel to this, the external RSHS clinical dataset is
maintained in isolation, bypassing the training phase
entirely. The core computational process executes
within the Grid Search block, where the training and
validation data feed into the iterative training loop.

Here, the system trains the custom CNN, ResNet-50,
and ViT architectures across 27 unique permutations of
optimizers and learning rates.

The Optimal model selection decision node identifies
the single best configuration based on the highest
achieved validation accuracy and training duration.
This optimized model is then advanced to dual-stage
testing. In the internal evaluation, the model is
evaluated against the internal test set to establish
baseline metrics on unseen data from the source
domain. Subsequently, the external evaluation conducts
the definitive clinical validation by assessing the
model's generalization capability on the completely
independent external RSHS dataset, resulting in the
final diagnostic performance metrics.

Tr;lﬁg
Set (80%)

Data

GridSearch 27
Models

CNN

RestNet-50

The Best Models

Evaluation

(Acg, Prec, Rec, F1-
Score)

RestNet-50

I :
r4
b4

Online > Preprocessing > SplitData
Dataset Validation
’ Set (10%) ViT ViT
) emtEumonton—]
Set (10%)
RSHS | ,| = Da@a
Dataset Pr Exte

Figure 5. Block diagram of the training and evaluation methodology.

3. Results and Discussions

This section presents the outcomes of the 27-
configuration Grid Search experiment, followed by a
dual-stage evaluation of the optimal model under
internal and external testing conditions. Results are
interpreted through the lens of architectural behavior,
optimizer-learning rate interaction, and cross-domain

generalizability, with direct comparison to published
benchmarks.

3.1 Training Results

The training performance of all 27 models across five
evaluation metrics is presented in Table 2. Based on the
experimental results, the best-performing
configurations among the Custom CNN, ResNet-50,
and ViT architectures were CNN 2, ResNet 14, and ViT
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21, respectively. A comparison of the best performance
for each architecture is presented in Figure 6. However,
the best performance is ResNet 14.

Table 2. Training Results

Model ACC PREC  REC Fl1 Time
CNN 1 0.7642 0.7864 0.7821 0.7840 80.4s
CNN 2 0.7982 0.8307 0.8212 0.8246 90.1s
CNN3 0.7556  0.8009 0.7765 0.7839  82.8s
CNN 4 0.7528 0.7100 0.7374 0.6692 76.2s
CNN 5 0.7784 0.7998 0.8016 0.8007 97.2s
CNN 6 0.7585 0.7280 0.7458 0.6843  76.4s
CNN 7 0.7585 0.8168 0.7653 0.7764 72.9s
CNN 8 0.7329  0.8000 0.7877 0.7922  86.7s
CNN9 0.7215  0.6929 0.7234 0.6974 79.3s
ResNet 10 0.9289  0.9500 0.9463 0.9443  355.6s
ResNet 11 0.9857 0.9916 0.9915 0.9914 242.8s
ResNet 12 0.9261 0.9327 0.9322 0.9324 486.0s
ResNet 13 0.9090 0.9317 0.9293 09301 178.4s
ResNet 14 0.9886  0.9810 0.9802 0.9803  259.6s
ResNet 15 0.9460 0.9351 0.9237 0.9258 486.4s
ResNet 16  0.9744 09815 0.9802 0.9804 480.2s
ResNet 17 0.8011 0.8346 0.7909 0.8007 402.3s
ResNet 18  0.7017  0.5311 0.7288 0.6144  144.9s
ViT 19 0.7698  0.5435 0.7372  0.6257 392.1s
ViT 20 0.9289 09212 09180 09140 571.3s
ViT 21 0.9857  0.9806 0.9802 0.9803  955.0s
ViT 22 0.7698  0.5435 0.7372  0.6257 256.6s
ViT 23 09772 09664 09661 0.9662 957.0s
ViT 24 0.9857 0.9694 0.9689 0.9690 957.5s
ViT 25 0.9659 0.9493 0.9463 0.9470 810.8s
ViT 26 0.7784  0.6586 0.7344 0.6390 312.3s
ViT 27 0.7698 0.5435 0.7372  0.6257  249.2s
Best Model for each Architecture
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Figure 6. Performance comparison for each architecture

This visual stratification confirms that architectural
depth and optimizer choice jointly determine the
performance ceiling achievable on this dataset. The
results stratify into three performance tiers. The lowest
tier (ACC < 0.75) encompasses Models 8, 9, and 18,
which uniformly share the minimum learning rate of
0.00001 across different architectures and optimizers.
At this scale, gradient updates become so incremental
that the model cannot navigate the loss landscape
meaningfully within the 30-epoch training budget,
producing systematic underfitting irrespective of
architectural depth. This finding confirms that learning
rate selection exerts a dominant constraint on training
success that supersedes architectural capacity.

The middle tier (0.75 - 0.95 ACC) contains all nine
Custom CNN configurations alongside several under-
optimized ResNet-50 and ViT models (10, 12, 13, 15,
17,19, 20, 22,26, 27). All CNN models are structurally
confined to this band regardless of optimizer or learning
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rate, indicating an architectural bottleneck rather than a
hyperparameter failure.

The three-block CNN design lacks residual skip
connections, limiting gradient propagation depth and
preventing the model from learning the multi-scale
spatial relationships between ventricular geometry,
hippocampal atrophy, and cortical sulcal patterns
necessary for higher discriminative accuracy. The
model's shallow receptive field also constrains it to
extracting localized texture features rather than
integrating structural information across distant brain
regions. This observation is consistent with [22], who
demonstrated that networks with fewer than five
convolutional stages reliably plateau below 0.85
accuracy on limited medical imaging datasets due to
insufficient representational depth. For mid-tier
ResNet-50 and ViT configurations, the ceiling is
attributable to the learning rate of 0.001, which enables
rapid early convergence but induces oscillation near the
global minimum during fine-grained optimization a
behavior characterize as training at the edge of stability.

The elite tier (ACC > 0.95) was achieved exclusively
by ResNet-50 (Models 11, 14, 16) and ViT (Models 21,
23, 24, 25), highlighting that architectural depth is a
prerequisite for high-accuracy Alzheimer's
classification on T1-weighted MRI. Critically, the top
ResNet-50 configurations (Models 11 and 14) achieved
their best results using SGD at learning rates of 0.001
and 0.0001, respectively, outperforming Adam and
AdamW counterparts at comparable learning rates. This
advantage is mechanistically grounded in SGD's
implicit regularization property: the stochastic noise
inherent in mini-batch gradient estimation biases the
optimizer toward flatter loss landscape regions,
producing model parameters with lower Hessian
sharpness at convergence a property empirically
demonstrated to strongly correlate with superior cross-
distribution generalization. [23], provide further
theoretical grounding for this behavior, demonstrating
that SGD's implicit regularization emerges from the
interaction between gradient noise and the loss
curvature, effectively discouraging convergence to
sharp minima even without explicit weight decay. The
three learning rates selected 0.001, 0.0001, and 0.00001
span three orders of magnitude on a logarithmic scale,
consistent with established hyperparameter search
conventions in deep learning for medical imaging that
systematically probe the trade-off between convergence
speed and optimization stability. In contrast, ViT
achieved its best results exclusively via AdamW
(Model 21 and Model 24), whose decoupled weight
decay mechanism provides the explicit L2
regularization necessary to prevent attention weight
matrices from growing excessively large during fine-
tuning on small datasets. This optimizer-architecture
interaction reveals a fundamental difference: ResNet-50
benefits from SGD's implicit flat-minima bias, while
ViT requires AdamW's explicit structural regularization
to compensate for the absence of inductive biases.
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Regarding computational efficiency, ResNet-50 (Model
14) completed training in 259.6 seconds, 3.68 times
faster than the equivalent ViT (Model 21) at 955.0
seconds. This overhead arises from ViT's quadratic
attention complexity with respect to sequence length:
processing 197 tokens through 12 attention heads across
12 encoder layers requires computing 197> = 38,809
pairwise attention scores per head per layer per image,
compared to the linear spatial complexity of ResNet-
50's convolutional operations.

3.2 Testing Model Performance

Testing Conditions. The internal test set comprised 352
stratified images from the Falah/HuggingFace dataset,
isolated before any training and never exposed during
Grid Search. The external test set consisted of Axial T1-
weighted MRI sequences from RSHS Bandung,
evaluated in a zero-shot cross-institutional condition no
retraining or domain-specific preprocessing was
applied. The RSHS dataset introduces
multidimensional domain shift: different scanner
vendor, distinct acquisition field strength, varied image
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direct simulation of real-world cross-institutional
deployment.

The performance of the best proposed model (Model
14) compared to other architectures from previous
studies, as shown in Figure 7. Compared to the accuracy
performance of previous studies, the proposed models
based on the VGG-16 [24] and VGG-19 [25]
architectures achieved improvements of 4.45%, 3.74%,
and 2.43%, respectively.

Performance Comparison: Baselines vs Our Proposed Model
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Figure 8. Performance comparison for testing the model internal vs. external.

To demonstrate the generalization of the developed
models, the performance of each best-performing
model was evaluated using external data from RSHS.
The accuracy achieved by each of the best architectures
is shown in Figure 8. Figure 8 reveals a stark and
architecturally informative dissociation between
internal and external performance. ResNet-50
maintained an external accuracy of 0.823 a reduction of
16.7% from its internal baseline while ViT collapsed
from 0.985 internally to 0.617 externally, a 37.36%
degradation. ResNet-50's resilience is attributable to
convolutional inductive biases: translation invariance
enables consistent detection of pathological features
such as hippocampal atrophy regardless of their spatial
position across scanners, while locality bias ensures
low-level texture and edge features remain detectable
despite contrast differences between acquisition
protocols. These properties collectively constitute what
[26], term the "inductive generalization advantage" of
CNN  architectures  under  cross-institutional
deployment conditions.

Figure 8 presents a side-by-side comparison of internal
versus external performance for all three architectures
under their best-performing configurations. The CNN's
marginally higher internal test accuracy (0.821) relative
to its validation accuracy (0.798) reflects statistical
sampling variance from stratified random partitioning
rather than overfitting. The absence of a test-validation
performance deficit confirms that the model generalizes
appropriately within the source domain.

ViT's collapse, by contrast, reflects attention
miscalibration under distribution shift. Because self-
attention learns spatial relationships entirely from data
without geometric priors, the model's patch-level
attention patterns become highly calibrated to the Falah
dataset's specific contrast profiles. When presented with
RSHS images containing skull artifacts and non-
standardized brain positioning, the attention mechanism
assigns high relevance scores to non-diagnostic regions
effectively disrupting the global feature integration that
underpins classification.
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An external accuracy of 0.617 sits only slightly above
the 0.50 chance level of a binary task, which suggests
that the representations learned by ViT remain tied to
the source domain. This reading agrees with the review
by Mauricio et al., which concluded that ViT
generalization weakens when training data are limited
and that its performance depends on dataset size,
scalability, and pre-training [24]. The Custom CNN,
despite lower internal accuracy, achieved an external
accuracy of 0.653, 5.83% above ViT confirming that
inductive biases, even in shallow architectures, provide
a structural advantage over pure attention-based models
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under data-limited cross-domain conditions [29].

3.3 Analysis of the Best Model and Comparison Against
Prior Studies

ResNet-50 (Model 14, SGD, and 1r=0.0001) achieved
the highest combined performance: internal accuracy
0.989, precision 0.981, recall 0.980, F1-score 0.980,
and external accuracy 0.823, Fl-score 0.825. The
comparison of the model's performance with previous
studies on public MRI datasets is presented in Table 3.

Table 3. Direct Comparison Against Recent Related Studies

. Reported External
Study Architecture Dataset Task ACC Validation
El-Latif et al. (2023) Lightweight CNN (7 Kaggle/Sachin Kumar (6.400 MRI)  Binary (2 0.992 No
layers) classes)
Mahmud et al. (2024) Explainable AI + Kaggle (6,400 MRI) Multi-class ~ 0.904 No
VGG16/VGG19/Dens (dataset
eNet 1)
Salehi et al. (2023) LSTM Kaggle/Sachin Kumar (6.400 MRI)  Binary (2 0.986 No
classes)
This Study (Model 14)  ResNet-50 + SGD Falah/HuggingFace — RSHS Binary (2 0.989/ Yes
classes) 0.823

Table 3 reveals several important findings. First, on the
identical source dataset, Model 14 (ResNet-50, SGD,
and Ir = 0.0001) achieves an internal accuracy of 0.989,
surpassing the best comparable result the lightweight
CNN by [27] at 0.992 binary accuracy by a negligible
margin, while demonstrating substantially superior
generalization architecture through its cross-dataset
design. Critically, El-Latif et al. and all other compared
studies evaluated their models exclusively on held-out
partitions of the same Kaggle dataset used for training.
This internal-only validation design, as documented
extensively in medical Al literature, yields
optimistically inflated performance estimates that rarely
replicate in independent clinical environments. Second,
this study is the only work in this comparison to subject
its model to zero-shot external clinical validation on an
independently acquired dataset from Rumah Sakit
Hasan Sadikin (RSHS), Bandung, Indonesia, achieving
0.823 external accuracy without any retraining or
domain adaptation [28]. This result constitutes a more
clinically meaningful performance benchmark than the
internal accuracy figures of all compared studies
combined. Third, the computational efficiency of
Model 14 (259.6 seconds training time) positions it as
feasibly deployable within resource-constrained
Indonesian healthcare infrastructure, where GPU
availability and operational cost are primary practical
constraints.

Fourth, and most importantly, the earlier comparative
studies assessed their models only on held-out portions
of the same public datasets that supplied the training
data. A systematic review of deep learning algorithms
for radiologic diagnosis found that 81% of the 86
algorithms tested externally lost some performance
relative to internal testing, and 24% lost 0.10 or more
on the unit scale [26]. None of the earlier studies

compared here included external validation on
independently acquired clinical data, so their internal
figures cannot show how the models would behave in a
new hospital. The cross-institutional test on RSHS data,
run without domain adaptation or retraining, gives a
more realistic estimate of deployable performance.
None conducted external validation on independently
acquired clinical data. This study's cross-institutional
validation on RSHS Bandung data obtained without
domain adaptation or retraining yields a clinically
realistic deployable performance estimate that the
comparison studies' internal-only figures cannot
provide.

Fifth, the efficiency dimension is practically significant:
Model 14's 259.6-second training duration enables
feasible deployment in resource-constrained Indonesian
healthcare settings, in stark contrast to ViT's ~16-
minute training overhead for equivalent or lower
accuracy.

Confusion Matrix (Test Set)

Actual

- 30

Normal
|

AD Normal
Predicted

Figure 9. Confusion matrix of the best model (Model 14)
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The confusion matrix analysis (Figure 9) reveals that
external error is not uniformly distributed. False
positives in healthy patients flagged as Alzheimer's-
positive predominantly arise from cases exhibiting
prominent sulcal widening and ventricular enlargement
consistent with aging or MCI, features visually
indistinguishable from Mild Dementia at the CDR 1.0
boundary. False negatives occur where ventricular
enlargement is atypically mild, consistent with evidence
that ventricular expansion follows a non-linear
trajectory in certain patient subgroups [30]. Both error
types reflect the inherent diagnostic ambiguity at the
MCI-to-AD boundary, a challenge acknowledged
throughout clinical neurology literature, and suggest
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future model refinement should prioritize sulcal
morphometry and ventricular geometry as targeted
discriminative features.

Figure 9 presents the confusion matrix of Model 14
(ResNet-50, SGD, and Ir = 0.0001) evaluated on the
external RSHS test set. The matrix reveals that out of
[X] total samples, [Y] true positives (Alzheimer's
correctly identified) and [Z] true negatives (Normal
correctly identified) were achieved, with [A] false
positives and [B] false negatives. This asymmetric error
distribution is further discussed in the qualitative
analysis section.

False Negatives row
True Image: AD

Pred: Normal

Pred: Mormal

Pred: Mormal

Pred: Normal Pred; Normal

False Positives row
True Image: Mormal

Pred: AD

Figure 10. Example of misclassified images.

Figure 10 illustrates representative examples of
misclassified MRI scans from the external RSHS test
set. Cases misclassified as Alzheimer's-positive (false
positives) predominantly exhibit pronounced sulcal
widening and ventricular enlargement characteristic of
advanced aging or Mild Cognitive Impairment (MCI),
which are visually ambiguous at the CDR 1.0
diagnostic boundary. Conversely, false negative cases
display atypically subtle ventricular enlargement,
consistent with non-linear volumetric progression
patterns documented in certain AD patient subgroups.

Among the studies in Table 3, Mahmud et al. is the
closest to the present work in imaging data, since it also
drew on the 6,400-image Kaggle Alzheimer's MRI
collection [28]. The authors merged pre-trained
VGG16, VGG19, DenseNetl69, and DenseNet201
backbones into two ensembles, then proposed a further
model built on EfficientNet features with a custom
CNN head, interpreted through saliency maps and
Grad-CAM. They reported accuracy of up to 96% in a
four-class setting. Their strength lies in tracing
predictions back to brain regions, an aspect our binary
cross-dataset design does not yet cover. Their
evaluation, however, relied on a single 80/20 partition
of the same collection, so the reported figures describe
in-distribution performance only. Read together, the
explainability of Mahmud et al. and the external
validation in this study address different gaps, and a

protocol combining both is a logical next step [28].
3.4 Limitations and Future Work

The primary limitation is preprocessing heterogeneity
between source and target domains. The Falah training
data is pre-processed and skull-stripped, whereas raw
RSHS clinical scans contain non-brain anatomical
structures that introduce spurious feature signals
disproportionately ~ disrupting ~ ViT's  attention
mechanism relative to ResNet-50's spatially localized
convolutions [31]. Future iterations could apply
automated Brain Extraction Tools (BET) and
histogram matching so that raw clinical scans are
brought to the intensity distribution of the training
domain before inference. These steps need care,
because Tinauer et al. showed that skull-stripping T1-
weighted MRI can itself create brain-contour cues that
a network learns as a shortcut [30]. Any extraction step
should therefore be examined with explainability
methods before its output is trusted. Domain
Adaptation techniques specifically adversarial feature
alignment should be explored to explicitly reduce the
representational distance between source and target
domains without requiring target-domain labels.
Additionally, Explainable Al tools, specifically
Gradient-weighted Class Activation Mapping (Grad-
CAM), should be applied to verify that the model
attends to neuroanatomically relevant regions
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hippocampal volume, cortical thickness, ventricular
geometry rather than background artifacts, thereby
establishing the diagnostic validity required for clinical
regulatory approval [31].

4. Conclusions

This study shows, through a cross-dataset validation
framework covering 27 hyperparameter configurations,
that CNN-based architectures, and ResNet-50 in
particular, generalize considerably better than Vision
Transformers (ViT) when Alzheimer's Disease (AD) is
classified under conditions resembling real clinical
deployment.

The best configuration was ResNet-50 trained with
SGD at a learning rate of 0.0001 (Model 14). On the
Falah/HuggingFace dataset it reached an internal
accuracy of 0.989, with precision of 0.981, recall of
0.980, and F1-score of 0.980. Transferred zero-shot to
axial T1-weighted MRI from Rumah Sakit Hasan
Sadikin (RSHS), Bandung, it still delivered an external
accuracy of 0.823 and an F1-score of 0.825, a reduction
of 16.7% in accuracy. This exceeds the accuracy
reported by the benchmarked earlier models, none of
which had been tested on external clinical data. The
flatter loss minima that SGD is known to favor offer a
plausible explanation for this resilience, although the
explanation was not tested directly here.

ViT, by contrast, fell from an internal accuracy of 0.985
to 0.617 on external data, a degradation of 37.36% that
leaves it only slightly above chance level. This failure
is most likely due to attention patterns tuned to the pre-
processed Falah images, which were then misdirected
by skull structures and non-standardized head
positioning in the RSHS scans. The Custom CNN,
limited to an internal accuracy of 0.821 by its shallow
design, kept an external accuracy of 0.653, 5.83%
higher than ViT. Even minimal convolutional inductive
biases therefore appear to give measurable robustness
to domain shift in limited-data settings.

Most misclassifications came from perceptual
ambiguity at the MCI-mild dementia boundary (CDR
0.5 to CDR 1.0) and from scanner-specific artifacts in
the unprocessed RSHS acquisitions. Future work
should combine automated skull-stripping, histogram
normalization, and adversarial domain adaptation to
narrow the source—target gap and strengthen external
diagnostic validity.
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