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generate high-dimensional feature vectors, which were then used as achieved

an accuracy of 94.78% input to six classifiers: k-nearest neighbors (KNN),
decision tree (DT), support vector machine (SVM), neural network (NN),
naive Bayes (NB), and logistic regression (LR). Models were assessed using
a 70/30% training-testing split and 5-, 10-, and 20-fold stratified cross-
validation. Principal component analysis (PCA) was applied to retain 99% of
variance. On the original dataset consisting of 6,400 images, KNN has
achieved 97.48% accuracy and 0.998 area under the curve (AUC), and when
a larger dataset of 44,000 images was used it achieved an accuracy and of
94.78% and an AUC of 0.987, demonstrating the system’s robustness across
scales. Statistical tests, including paired t-tests and Wilcoxon signed-rank
tests, confirmed that KNN has significantly leveraged from PCA. These
outcomes demonstrate that combining deep feature extraction with PCA
improved the reliability and efficiency of the classifier for AD stage
prediction.
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1. INTRODUCTION

Alzheimer’s disease (AD) is considered the leading cause of dementia worldwide, it can be
characterized by symptoms like memory loss, cognitive decline, and changes in mood or personality [1]. The
most affected regions of the brain include the hippocampus, amygdala, and other components of the limbic
system, which play a crucial role in cognitive functioning [2]. Many individuals experience a transitional
stage of cognitive decline called mild cognitive impairment (MCI) before the appearance of the severe
Alzheimer’s symptoms; this period represents an intermediate condition between normal aging and AD [3].
Therefore, MCI is considered a significant indicator for early diagnosis of the AD [4]. Physicians use a group
of techniques in collaboration with neurologists and neuropsychologists in diagnosing AD [5]. These
diagnostic approaches include reviewing clinical histories, conducting physical and neurological
examinations, performing diagnostic tests, and administering cognitive assessments such as the mini-mental
state examination (MMSE) [6]. However, these traditional methods may be time-consuming and can lead to
inconsistent results.
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Because AD primarily affects the gray matter of the brain [7], imaging of the brain has become an
essential tool in analyzing the functional and structural changes associated with the disease [8]. Artificial
neural networks (ANNs), which are a computational approach inspired by biological neural systems, have
exhibited a great potential in the early detection of AD. ANN can quantify distinct patterns and biomarkers
associated with the condition by analyzing large datasets of brain images [9], [10]. Training these networks
on huge imaging data, can help clinicians in diagnosing and monitoring AD more effectively and efficiently.
Once trained, ANNs can classify new unseen data accurately. Deep neural networks (DNNs), which are a
subgroup of ANNS, containing multiple hidden layers between the input and output that enable them to learn
complex representations and obtain high level accuracy in different applications [11], [12]. Systems using
DNNs can recognize patterns, make predictions, and solve a variety of complex problems in different fields
such as computer vision, speech recognition, and natural language processing [13]-[15].

2. LITERATURE REVIEW

Recently, the utilization of machine learning (ML) and deep learning (DL) techniques in diagnosis of
AD has advanced remarkably, especially through brain imaging data analysis. In 2022, AlSaeed and Omar [16]
proposed a hybrid system combining convolutional neural network (CNN) with traditional ML for AD
classification using magnetic resonance imaging (MRI) data. The approach used CNN as feature extraction
and ML as a classifier. Their results showed that combining features derived from CNN with algorithms such
as support vector machines (SVM) and random forests significantly enhanced diagnostic accuracy, especially
when using limited data samples. In 2023, Khalid et al. [17] developed improved feature extraction strategy
that fused CNN-based and handcrafted texture features for predicting of multiple AD stages starting from
normal cognitive states to MCI and advanced AD. Public MRI datasets were used in study. Their system has
obtained a higher robustness and stage-specific accuracy compared to systems using traditional CNN only.
In the same year, Cherian et al. [18] studied the potential of different ML approaches like, decision trees (DT),
k-nearest neighbors (KNN), and logistic regression (LR) in early detection of AD. Their study highlighted that
traditional ML algorithms remain valuable when implemented in low-complexity systems and can
complement the working of deep networks in hybrid diagnostic pipelines.

Also in 2023, Vashishtha et al. [19] designed a hybrid DL model to detect early signs of AD from
MRI scans, using advanced CNN architectures such as InceptionV2 and ResNet50. These models'
hybridization has led to improved feature representation and enhanced classification accuracy through both
training and validation datasets. In 2024, Nasir et al. [20] developed a hybrid system using deep and
meta-learning models for MRI-based AD classification, demonstrating improved accuracy when combining
CNNs with meta-learners. More recently, in 2025, Liu et al. [21] introduced a multi-modal transformer-based
framework combined MRI, genotypic. This framework predicted brain ageing, cognitive decline, and
amyloid pathology, extending diagnostic capability beyond simple classification. In the same year,
Arya et al. [22] worked on a systematic review, which summarized recent DL and ML techniques, including
CNNes, transfer learning, and hybrid architectures across imaging modalities for AD detection, with focusing
on challenges such as dataset imbalance and model interpretability.

3. MATERIALS AND METHODS
3.1. Dataset

In this study, a publicly accessible AD MRI dataset from Kaggle has been utilized, which consists of
structural MRI images groups into four clinically relevant classes: non-demented, very mild demented, mild
demented, and moderate demented. The training-testing split provided on the website was intentionally
avoided because it used a selection criterion may introduce hidden biases that weaken reproducibility.
Instead, a subset of 6,400 images (176x208 pixels, JPG format) has been collected from the complete dataset,
distributed as follows: 3,200 non-demented, 2,240 very mild demented, 896 mild demented, and 64 moderate
demented. A 70-30 train-test division was implemented, in order to ensure fairness and robust evaluation.
The problem of imbalanced data, especially the moderate demented limited representation of samples, is
recognized. This inequality reflects the real clinical distribution of Alzheimer’s stages, which enhances the
ecological validity of the dataset. In addition, multiple cross-validation experiments have been performed to
reduce overfitting and confirm the reliability of the results. This methodological decision enhances our
results credibility and addresses directly concerns regarding dataset clarity and class distribution and
distribution of the class. Figure 1 shows representative examples of the four diagnostic categories [23]:
Figure 1(a) mild demented, Figure 1(b) moderate demented, Figure 1(c) non-demented, and Figure 1(d) very
mild demented.

Int J Artif Intell, Vol. 15, No. 1, February 2026: 695-706



Int J Artif Intell ISSN: 2252-8938 a 697

(b) (©) (d)

Figure 1. Class distribution in the dataset: (a) mild demented, (b) moderate demented, (c) non-demented, and
(d) very mild demented

3.2. Deep feature extraction

A pre-trained SqueezeNet model was applied for deep feature extraction. Images were sent to the
network through a dedicated feature layer, then the resulting feature vectors were use in the analysis and
classification. SqueezeNet is a compact CNN architecture, which designed to provide high accuracy with
significantly fewer parameters, making it suitable for memory-constrained environments and for efficient
model deployment. Its design depends on 1x1 and 3x3 convolutions to keep strong performance [24].

The architecture is built around the fire module, which consists of a squeeze layer with 1x1
convolutions and an expand layer integrating 1x1 and 3x3 filters to capture multi-scale spatial features.
Images were processed through convl and fire2—fire9, max-pooling was applied after convl, fire4, fireS§,
and conv10 to gradually decrease spatial resolution and maintain essential information [24]. Nonlinear
feature representation was supported by rectified linear unit (ReLU) activation, while overfitting was reduced
by using dropout after fire9. Through the strategic downsampling and modular structure of SqueezeNet,
a compact and expressive model was achieved, which is able to learn complex features efficiently [25].
Figure 2 presents the detailed architecture.
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Figure 2. Squeeze Net architecture with a squeeze and expand process

3.3. Machine learning and model optimization
The study utilized different ML algorithms to classify the stages of AD using MRI data features
extracted from CNN to improve the diagnostic accuracy [26], [27].
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i)  KNN: KNN identify the class depending on the majority among k nearest samples, which measured
using Euclidean distance [27]:

d(x,y) = X, (xi — y)? 1

i) NB: NB uses Bayes’ theorem to estimate the posterior probability of class A given features B [28], [29]:

P (B|A)P (4)

P (41B) = 222 @
iii) LR: LR models the positive class probability using the sigmoid function [30]:
1
PO =—1 (3)
and reduces the cross-entropy loss:
J(0) = —~ 3N [y:log(P(X) + (1 — y)log (1 — P(X,)] @)

iv) SVM: SVM employs the linear decision function to determine the optimal hyperplane that maximizes
the margin between classes [31].

fX)=w.x+b %)

where w and b are the weight and bias terms, respectively. Kernel functions enable nonlinear separation.
v)  DT: DT repeatedly divides data into subsets based on entropy [31]:

E=-%i_1p(d)log, (p(1)) (6)

NN was also utilized to model non-linear relationships among high-dimensional features, involving 100
hidden units with ReLU activation.

3.4. Model optimization
3.4.1. Grid Search for traditional machine learning models

SVM, KNN, DT, LR, and NB hyperparameters were optimized using grid search. A 5-fold stratified
cross-validation to avoid overfitting and retain balanced representation of AD classes. Table 1 summarizes
the configurations of selected hyperparameter.

Table 1. Hyperparameters and grid search settings for traditional ML models

Model Key hyperparameters Justification
SVM C=1.0, &=0.1, polynomial kernel (degree 3) Balances margin and misclassification;
captures non-linear patterns
KNN k=2, Metric: Manhattan, distance weighting Sensitive to nearest neighbors while
minimizing influence from distant points
DT Max depth=100, Pruning: >4 instances in leaves, >5 internal nodes  Limits overfitting while capturing complex
patterns
LR L2 regularization, C=650 Reduces overfitting in high-dimensional
feature space
NB Default Effective for large, independent feature sets

3.4.2. Bayesian optimization for NN model

To classify AD stages, 1000 deep features per image extracted from SqueezeNet, were processed
using NN. Bayesian optimization was applied to fine-tune hyperparameters, such as the size of hidden layer
and strength of regularization, based on cross-validated F1-score and accuracy. The NN used 100 hidden
layers with ReLU activation and Adam optimizer, incorporating L2 regularization (0=0.0001) to reduce
overfitting and limited to 100 iterations for replicable training. It took 1,000 deep features from SqueezeNet
across 6,400 images, including meta-attributes like image name, size, width, and height. The model aimed to
classify the AD stage category.
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3.5. Principal component analysis

Principal component analysis (PCA) is a dimensionality reduction technique based on ML. It
converts a large dataset to smaller set of components while maintaining essential patterns and variance. In
this study 1000 features extracted from the SqueezeNet deep learning model were reduced to 100 principal
components using PCA.

Final Data = RowFeatureVector X RowDataAdjusted (7)

3.6. Statistical significance analysis

The paired t-test and the Wilcoxon signed-rank test have been utilized, to identify whether the
observed enhancements in the performance of the classification after applying PCA were statistically
significant. These tests made a comparison between accuracies before and after PCA using multiple
cross-validation folds to confirm that the gains were due to genuine improvements and not just random
variation. Accuracies of the classification resulted from each fold corresponded as paired samples for
statistical comparison.
i)  Paired t-test: the paired t-test determines the mean difference between two paired samples, assuming the

normality. The statistic of the test is given in:

_a
=t ®

where, d is the mean difference between observations paired, it is computed as:
- 1 n
d= a 21:1,(%‘ —¥i) )

and s, represents the standard deviation of differences, which can be determined as:

sa= | 2, (i —y) — d)? (10)

where n represents the number of observations paired (cross-validation folds) x;,y; are the accuracies
before and after applying PCA, respectively. The small value of p (<0.05), reflects the statistically
significant improvements after PCA [32].

i) Wilcoxon signed-rank test: the Wilcoxon signed-rank test does not assume a normal distribution;
therefore, it considers as a non-parametric alternative to the paired t-test. It assesses if average of the
differences between paired samples is zero. The test statistic can be computed using:

w =Y, R (11)

where di is the difference between paired samples (xi—yi), and R*; is the rank of the absolute
differences for positive differences (di>0). Average ranks were assigned to the ties. When the value of p
is less than 0.05, this refers that the observed differences are statistically significant, which confirms
that PCA has contributed to improve the performance of the model [33].

4. RESULTS AND DISCUSSION
4.1. Evaluation criteria indicators

The performance of the model has been evaluated using accuracy, recall, precision, F1-score, and
area under the curve (AUC). Among all models, KNN has obtained the best results with 93% accuracy and
an AUC of 0.97, showing a great discriminative ability. Its configuration, which consists of two neighbors,
Manhattan distance, and distance-weighted voting has taken part in this high performance. In contrast, DT
demonstrated the lowest performance of 55% accuracy, AUC 0.64, referring to a limited stage classification.
Its performance can be enhanced by tuning pruning thresholds and depth constraints. Moderate AUC of 0.68
low accuracy 43% have been achieved by SVM, suggesting the requirement for further kernel and
regularization optimization. The performance of NN was well with 83% accuracy and AUC 0.94, which
enable it to capture MRI data patterns effectively through its 100 hidden layers, ReLU activation, and Adam
optimizer. The weak performance was recorded using NB with 42% accuracy, AUC 0.67, this is because of
its independence assumption mismatch.
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4.1.1. Confusion matrix evaluation

Figure 3 illustrates the confusion matrix for the KNN model, revealing the class-wise predictive
performance as follows:
i)  Mild demented: the percentage of correctly classified were 92.4%with little misclassifications.
ii) Moderate demented: with 92.4% correctly classified, and low false positives.
iii) Non-demented: with 95.0% correctly identified, and little misclassifications (3.3% mild, 6.6% very mild).
iv)  Very mild demented: reached 91.7% correctly classified, and limited overlap (4.1% non-demented,

3.9% mild).

These results confirmed KNN robustness through all AD stages, especially for the identification of
early dementia.

Confusion Matrix oo
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Figure 3. Confusion matrix for KNN model

4.1.2. ROC curve analysis

Figure 4 depicts the receiver operating characteristic (ROC) analyses the ML models across stages of
AD mild demented as in Figure 4(a), moderate demented as in Figure 4(b), non-demented as in Figure 4(c),
and very mild demented as in Figure 4(d). False positives and negatives were equally weighted (500 each),
with class probabilities of 14%, 1%, 50%, and 35%. In early detection in the mild and very mild demented
stages, high sensitivity was critical, while false diagnoses have been prevented in the non-demented group
with accurate classification. the moderate demented class required the identification of rare instances with
little false positives. Overall, ROC results highlight the trade-off between sensitivity and specificity across
classes. KNN demonstrates the best classification for mild and very mild demented stages.

4.2. PCA dimensionality reduction

PCA technique was applied to deep features extracted from pre-trained SqueezeNet to reduce
dimensionality while retaining the most informative components. Different values of variance thresholds of
90%, 95%, 96%, and 99% were tested. Variance of 96% has retained (~89 components) offering the optimal
balance between accuracy of the classification and computational efficiency.

4.2.1. Performance comparison across PCA variance thresholds

Figure 5 illustrates the cumulative explained variance for the components of PCA, showing the
ability of the first principal components to progressively capture data variability. Specifically, Figure 5(a)
corresponds to a 90% variance threshold, Figure 5(b) to 95%, Figure 5(c) to 96%, and Figure 5(d) to 99%.
Table 2 shows the evaluation metrics of ML models after applying PCA.
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Figure 4. ROC curves for ML models (a) mild demented, (b) moderate demented, (c) non-demented, and
(d) very mild demented
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Figure 5. Cumulative explained variance at different thresholds: (a) 90%, (b) 95%, (c) 96%, and (d) 99%
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Table 2. Evaluation metrics of ML models after PCA

PCA variance Model  Accuracy (%) Recall (%) Precision (%) Fl-score (%) AUC (%)

90% (~43 components) KNN 54 54 54 54 63
NN 72 72 72 72 87

LR 60 60 59 58 76

NB 57 57 57 57 72

SVM 47 47 56 47 70

DT 54 54 54 54 54

95% (~76 components) KNN 92 92 92 92 98
NN 77 77 77 77 91

LR 61 61 60 60 77

NB 55 55 57 55 72

SVM 47 47 56 47 69

DT 54 54 54 54 64

96% (~89 components) KNN 93 93 93 93 99
NN 79 78 78 78 91

LR 62 62 61 61 78

NB 54 54 57 55 72

SVM 48 48 57 48 70

DT 53 53 53 53 62

99% (~100 components)  KNN 93 93 93 93 99
NN 79 79 78 78 92

LR 62 61 62 61 79

NB 54 54 56 57 72

SVM 47 47 57 45 70

DT 53 53 53 53 62

4.3. Cross-validation performance

The performance of multiple ML classifiers was assessed using stratified 5-, 10-, and 20-fold
cross-validation, without applying PCA and after applying it to maintain 96% the variance. Without PCA, the
highest performance was achieved by KNN, with accuracy of 97.05% and AUC of 98.99%, NN followed
with accuracy of 86.83% and AUC of 96.24%. SVM and NB demonstrated poor performance with accuracy
around 44% and AUC around 67%, while DT and LR shared the moderate performance.

After applying PCA, the performance of KNN improved, reaching 97.48% accuracy and 99.84%
AUC, which indicates that removing redundant features enhanced generalization. NB showed a remarkable
improvement, while the performance of NN, LR and DT slightly reduced due to the loss of subtle but
informative features during dimensionality reduction. Table 3 summarizes the evaluation metrics across all
models and folds.

Table 3. Evaluation metrics across 5-, 10-, and 20-fold stratified cross-validation (with and without PCA)
Model Fold AUC% AUC% Accuracy Accuracy Fl-score Fl-score Precision  Precision Recall Recall

(no (with % (no % (with % (no % (with % (no % (with % mo % (with
PCA) PCA) PCA) PCA) PCA) PCA) PCA) PCA) PCA) PCA)
KNN 5 98.03 99.32 95.38 94.89 95.37 94.88 95.38 94.89 95.38 94.89
10 99.72 99.72 96.80 96.80 96.80 96.80 96.80 96.80 96.80 96.80
20 98.99 99.84 97.05 97.48 97.05 97.48 97.05 97.49 97.05 97.48
DT 5 64.19 61.11 56.38 52.33 56.33 52.27 56.29 52.27 56.38 52.33
10 62.34 62.34 52.70 52.70 52.74 52.74 52.84 52.84 52.70 52.70
20 63.81 62.34 56.72 53.08 56.59 52.88 56.52 52.74 56.72 53.08
SVM 5§ 66.73 70.83 43.25 48.30 44.63 47.16 52.05 57.20 43.25 48.30
10 71.01 71.01 47.84 47.84 46.54 46.54 57.40 57.40 47.84 47.84
20 67.51 70.10 44.06 47.59 45.67 46.29 54.10 57.29 44.06 47.59
NN 5 95.07 92.84 84.45 80.64 84.41 80.49 84.41 80.55 84.45 80.64
10 93.46 93.46 81.83 81.83 81.76 81.76 81.80 81.80 81.83 81.83
20 96.24 93.82 86.83 82.11 86.79 82.02 86.78 82.05 86.83 82.11
NB 5 68.26 72.79 43.09 55.06 45.02 56.03 55.06 57.97 43.09 55.06
10 71.01 73.59 47.84 56.33 46.54 57.06 57.40 58.76 47.84 56.33
20 68.65 73.90 44.09 57.03 45.82 57.61 55.16 59.13 44.09 57.03
LR 5 82.91 78.39 67.38 62.06 67.28 61.42 67.21 61.29 67.38 62.06
10 78.39 78.39 61.98 61.98 61.37 61.37 61.29 61.29 61.98 61.98
20 83.57 78.41 68.41 61.97 68.29 61.33 68.20 61.24 68.41 61.97

4.4. Statistical significance analysis
Two tests were performed: Paired t-tests and Wilcoxon signed-rank. Most models have recorded
statistically insignificant differences before and after PCA (p>0.05), except NB, showing significant increase
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in accuracy (p=0.0144) in the t-test. This indicates that PCA is particularly useful for probabilistic classifiers.
Table 4 illustrates the results obtained with and without PCA.

Table 4. Statistical test results for mean accuracy with and without PCA

Model Mean accuracy Mean accuracy ~ Paired t statistic ~ Paired t p-value ~ Wilcoxon ~ Wilcoxon p-value
without PCA (%) with PCA (%)

KNN 96.41 96.39 -0.075 0.9469 1.000 0.6547

DT 55.27 52.70 -1.992 0.1847 0.000 0.1797
SVM 45.05 4791 1.912 0.1960 0.000 0.1797

NN 84.37 81.53 -1.967 0.1881 0.000 0.1797

NB 45.01 56.14 8.241 0.0144 0.000 0.2500

LR 65.92 62.00 -1.973 0.1872 0.000 0.1797

4.5. Confusion matrix and calibration analysis

KNN’s performance after PCA with (20-fold CV) was near-perfect with accuracy=97.48%,
AUC=0.998. Figure 6 shows the calibration plot. It shows that predicted probabilities align well with
observed outcomes, confirming that the model is well-calibrated and clinically interpretable.

4.6. Performance comparison across datasets

To check the generalization of system, a large dataset containing 44,000 samples has been applied
across four dementia stages, KNN achieved the best performance again as shown in Table 5 [34], [35]. When
using larger dataset, KNN retained the excellent performance with only a minor reduction due to increased
data diversity. Figure 7 presents the performance evaluation of the proposed SqueezeNet+tKNN framework
on the new 44,000-image dataset. The confusion matrix in Figure 7(a) depicts a little overlap between mild
and very mild demented groups, while the ROC curve in Figure 7(b) confirms the strong discriminative
power across all stages. These results highlighted that the proposed SqueezeNet+KNN framework is scalable
and robust for the classification of AD.
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Figure 6. KNN performance after PCA: calibration plot

Table 5. Comparison of best model performance between original and larger dataset

Dataset Best model  AUC (%)  Accuracy (%)  Fl-score (%)  Precision (%)  Recall (%)
Original dataset (6,400 images, KNN 99.84 97.48 97.48 97.49 97.48
after PCA, 20-fold CV) [23]
New dataset (44,000 images, KNN 98.74 94.78 94.75 94.79 94.78

after PCA, 20-fold CV) [35]
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Figure 7. Performance of KNN on the new 44,000-image dataset: (a) confusion matrix and (b) ROC curve

5. CONCLUSION

The results obtained from this study illustrate that integrating deep features from a pre-trained
SqueezeNet with traditional ML classifiers can predict AD stages effectively. KNN has achieved the best
performance consistently, with 97.48% accuracy and 0.998 AUC when using the original dataset consisting
of 6,400 images, and with 94.78% accuracy with 98.74% AUC when using new larger dataset (44,000
images). Confusion matrix and ROC analyses also confirmed great discrimination, with minor early-stage
misclassifications. Using PCA improved the efficiency and feature discrimination, particularly for KNN.
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