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Abstract

Globally, healthcare systems encounter tremendous obstacles as a result of the progressive
neurological disease called Alzheimer's. To effectively intervene and control Alzheimer's disease
(AD), the earliest and most accurate diagnosis is necessary. However, traditional diagnostic methods
are often expensive, take a long time, and do not provide the accuracy needed for early diagnosis.
This study addresses these limitations by proposing a machine learning-based (ML-based) approach
for predicting AD using advanced data classification methods and an explainable artificial
intelligence (Al) approach. Three distinct methods were utilized to carry out the feature selection
procedure: chi-square, mutual information, and analysis of variance (ANOVA). We identified the
analysis's most relevant elements by utilizing each technique. We found the best algorithm for
predicting the early signs of AD by testing seven different ML methods: logistic regression,
AdaBoost, random forest, support vector machine, decision tree, XGBoost, and K-nearest neighbors.
We employed the SMOTE method to rectify the data imbalance. To test the proposed method, we
employed both a publicly available and a private dataset. We applied multiple cross-validation
approaches to provide a strong performance evaluation. The results of the experiments illustrated
that, out of all the models tested, the XGBoost classifier performed the best. Using the combined
dataset, the XGBoost classifier had 97.32% accuracy, 96.56% precision, 97.00% specificity, 97.68%
sensitivity, 98.43% AUC, and 97.12% F1-score. Using the public dataset, XGBoost achieved
97.23% accuracy, 96.14% precision, 96.52% specificity, 98.03% sensitivity, 98.30% AUC, and
97.07% F1-score. Furthermore, XGBoost did exceptionally well on the private dataset with 95.83%
accuracy, 93.94% sensitivity, 96.88% precision, 97.44% specificity, 98.52% AUC, and 95.38% F1-
score. Understanding the model's findings and decision-making process can be enhanced with the
help of an explicable Al framework that was developed using SHAP methods. The proposed
approach shows enormous potential as a healthcare solution that reduces healthcare costs and
improves efficiency in AD’s diagnosis. Patients benefit from improved diagnostic tools for AD
brought about by this study's combination of powerful ML models with explainable Al.
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1. Introduction

Alzheimer's disease (AD) is a neurodegenerative disease that causes alterations in behavior,
loss of memory, and mental abilities over time. 60-80% of all cases globally of AD are
caused by these alterations [1]. Currently, an estimated 55 million individuals across the
globe are coping with AD, and that figure will nearly triple by 2050 as a result of both
population aging and longer life expectancy [2]. Not only does the illness impact people
directly, but it also causes healthcare systems and their families great emotional and
financial stress. Projections indicate that AD will cost the world $1.3 trillion in 2023, with
a significant increase expected in the coming decades [3]. Early detection and intervention
are critical to slowing disease progression, improving quality of life, and reducing
healthcare costs. However, traditional diagnostic methods, such as clinical evaluations,
neuropsychological testing, and neuroimaging, are often expensive and time-consuming
and require specialized expertise, limiting their accessibility in nations with low or medium
incomes, in particular [4].

Artificial intelligence (Al) and machine learning (ML) have been an innovation in the
healthcare industry recently. These technologies have revolutionized long-standing issues
such as disease prognosis, diagnostics, and personalized treatment strategies. These
technologies excel at analyzing complex datasets, identifying patterns, and making
predictions with high accuracy, making them particularly suited for addressing challenges
in AD detection [5]. By leveraging large datasets, ML algorithms can uncover subtle
biomarkers and risk factors that traditional approaches might miss. To find indicators of
AD, ML models may search through genetic data, healthcare tracks, and neuroimaging data
long before the illness's symptoms appear [6].

Countries like Saudi Arabia and Egypt are facing a growing number of AD cases and
mounting demand from healthcare systems to provide trustworthy diagnosis methods.
Therefore, expertise is crucial in these countries [7]. The Middle East and North Africa
(MENA) are experiencing a demographic shift, with increasingly elderly inhabitants and a
proportional rise in illnesses associated with aging, including AD. In Egypt, for instance,
by 2030, experts predict that the number of individuals affected by AD will have doubled,
while Saudi Arabia is projected to see a 300% increase in dementia cases by 2050 [8].
Despite this increasing need, these regions still do not have the specialized healthcare
infrastructure or resources necessary to address the needs of those who live with AD. The
situation highlights the urgent need for cost-effective, scalable, and accessible diagnostic
tools that can support early diagnosis and intervention.

This work primarily focuses on using ML to successfully detect AD in its early phases. We
tested several ML algorithms on publicly available AD datasets and a private dataset from
specialized hospitals in Egypt to achieve this. This private dataset, comprising 345 data
samples with 34 features, was voluntarily provided by healthcare institutions between 2023
and 2025, offering a unique opportunity so that our models can be progressively applied
[9]. By combining this private dataset with publicly available data, we aimed to construct
an innovative ML technique capable of accurately classifying high-definition datasets and
outperforming existing models.

Significant contributions in the field of AD’s prediction have been made as a result of this

work, including the following:

e By using ML classification algorithms on a combined dataset, the study tackles the
pressing need for early identification in places like Egypt and Saudi Arabia that are
experiencing fast-increasing AD rates.

e The research introduces a novel approach that attains state-of-the-art performance
measures by merging XGBoost with a semi-supervised model. On the private and
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combined datasets, these metrics successfully reached a 95.83% and 97.32% accuracy
rate, respectively [10].

e The study uses an explainable Al framework that uses SHAP (SHapley Additive
exPlanations) techniques to give clear explanations of the model's predictions. The study
is done to build trust and transparency in Al-based diagnostics. To make smart clinical
decisions, you need to know how a model came to its predictions. This is where
explainable Al truly excels. Given that SHAP values highlight the critical components
of the prediction process, healthcare practitioners can have faith in the model's output
and make informed judgments. In contrast, the inability to understand normal "black-
box" models in mission-critical situations makes them unreliable [12].

e This research study also makes a substantial contribution by addressing the issue of
skewed data using SMOTE. One typical problem in medical research is dealing with
imbalanced datasets when one class is greatly underrepresented. Such an imbalance
might result in biased models that do badly on minority classes. Our classifiers
performed better when we used SMOTE to create synthetic minority class samples,
resulting in a balanced dataset [13].

e To maximize the performance of our ML-based model, we tweaked their
hyperparameters and applied SMOTE. Hyperparameters govern the learning process of
ML algorithms; selecting appropriate ones significantly influences a model's efficiency.
Through organized tuning of each classifier's hyperparameters, we were able to fine-
tune our models to their full potential, resulting in more reliable and accurate predictions
[14].

e The research utilized three feature selection approaches—mutual information (Ml),
analysis of variance (ANOVA), and chi-square—on both public and private datasets.
Our goal was to enhance classification accuracy by reducing high-dimensional data
using the ANOVA approach, identifying significant features using feature space, and
analyzing feature similarity. With this goal in mind, to find out how important each
parameter was, we utilized the chi-square test. We utilized MI to improve model
interpretability, handle outliers effectively, capture nonlinear correlations, choose the
most significant features by assessing the interdependence of variables, and conduct this
investigation.

o We evaluated seven alternative ML algorithms including random forest, logistic
regression, AdaBoost, decision tree, XGBoost, K-nearest neighbor (KNN), and support
vector machine (SVM) to find the one that best predicted the occurrence of AD. In
comparison to the other models, XGBoost performed better on both public and private
datasets concerning accuracy, area under the curve (AUC), sensitivity, and specificity.
This result confirms what previous research has shown: that XGBoost is an excellent
algorithm for use in medical diagnosis and prediction [15].

Improvements in ML-based AD prediction systems may be possible as a result of this

study, providing healthcare providers with an economical and expedient solution. By using

powerful ML models along with explainable Al, this study helps create trustworthy and
understandable tools for diagnosing AD, which can support early treatment plans and
enhance patient care.

2. Related Work and Comparative Study

There has been a lot of recent progress in using ML-based methods to forecast the onset of
AD because of the increasing importance of early and accurate diagnostics. Several studies
have investigated the possibility of using ML algorithms to examine various datasets to
discover biomarkers and patterns linked to AD. These datasets include neuroimaging data,



INFORMATICA ISSN: 0868-4952
36(10) |

genetic information, and clinical records. This section reviews recent studies that address
the problem of AD prediction using ML-based approaches and offers a comparison of how
well various classifiers performed.

2.1 Recent Studies on AD Prediction Using ML

ML for AD early detection and prediction has been the subject of multiple recent studies.
These studies highlight the importance of accurate classification techniques and the
integration of understandable Al to increase transparency in clinical decision-making.
Buyrukoglu [15] proposed a comparison of ensemble feature selection approaches for
detecting AD using data mining methods. The study used RF, DT, and KNN classifiers on
a clinical dataset and found that using ensemble techniques greatly improved prediction
accuracy.

Dhakal et al. [16] explored dementia prediction through supervised ML algorithms using a
clinical dataset. They focused on RF, SVM, and KNN and reported strong predictive
performance, emphasizing the importance of preprocessing, and balancing in achieving
robust results.

Kotturu and Kumar [17] used a multi-correlation strategy to compare several ML classifiers
for AD early diagnosis. Their study evaluated models including SVM, RF, and LR using
clinical datasets. Their findings showed that SVM performed better in Grueso and Viejo-
Sobera's study [18], where they looked at various ML models, including RF, XGBoost, and
SVM, to identify the development from Mild Cognitive Impairment to Alzheimer's. Using
datasets like ADNI, they concluded that ensemble models and hybrid approaches yield
better results than single classifiers.

Harika et al. [19] used the UCI Alzheimer's dataset to conduct comparison research
utilizing various ML algorithms, including RF, LR, DT, and SVM. Their results favored
ensemble methods for better accuracy and computational efficiency.

Javeed et al. [20] introduced the Feature Extraction Battery and optimized SVM for early
dementia detection using a custom dataset. Their approach improved accuracy through
tailored feature engineering and classifier optimization.

Kavitha et al. [21] used several ML models trained on the ADNI dataset to predict the onset
of AD in its early stages. The study emphasized model explainability and used classifiers
such as RF, LR, and KNN, reporting high accuracy.

Speiser et al. [22] explored different RF-based feature selection techniques for
classification tasks. Even though their study did not focus on AD, the methods they
discussed—especially recursive feature elimination and permutation importance—can
contribute to the development of better AD diagnosis ML models. This study supports the
vital role of feature selection in enhancing model accuracy.

Wang et al. [23] introduced a diagnostic ML tool that uses non-imaging features to classify
dementia cases. Their method utilized datasets such as ADNI, implementing classifiers
including SVM, RF, and XGBoost. The study achieved high predictive accuracy and
demonstrated the feasibility of non-imaging biomarkers in AD diagnosis.

Zapata-Paulini and Cabanillas-Carbonell [24] conducted a study comparing ML models
that can be applied to research on AD despite their interest in Parkinson’s disease. Their
evaluation included DT, KNN, and AdaBoost, demonstrating that ensemble learning
methods like AdaBoost outperform simple classifiers in medical diagnosis contexts.
Rajayyan and Mustafa [25] suggested a ML model that optimizes Alzheimer's prediction
using the Cuckoo Search Algorithm. The study applied classifiers such as DT and LR,
achieving improved accuracy through optimization.
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Sarica et al. [26] analyzed neuroimaging data for Alzheimer's diagnosis using Random
Forest (RF) algorithms. The review found RF to be especially effective in handling high-
dimensional imaging datasets.

Bin-Hezam and Ward [27] proposed a novel ML-based framework for dementia detection
using modifiable risk factors. Their model integrated multiple classifiers and emphasized
interpretability, making it a significant contribution to the domain of explicable Al in
Alzheimer’s research.

Uddin et al. [28] presented a new ML-based strategy for early AD detection utilizing
classifiers such as RF, XGBoost, AdaBoost, and SVM. The study used the OASIS dataset
and emphasized model interpretability using explainable Al techniques.

2.2 Comparative Study of AD Prediction Applying ML

By identifying AD at an early stage and offering individualized treatment programs, ML
may improve patient outcomes. A comparison of ML classifiers for AD prediction is
presented below. Table 1 provides a summary of the findings from this comparison study.

Table 1: Comparative study of ML classifiers for AD prediction

Ref.  Year Authors Name of ML algorithms used No. of Accuracy
No. datasets used classifiers  achieved
[15] 2021 Buyrukoglu Clinical dataset ~ RF, DT, KNN 3 88.5%
[16] 2023 Dhakal et al. Clinical dataset RF, SVM, KNN 3 87.6%
[17] 2020 Kotturu & Not specified RF, SVM, LR 3 85.2%
Kumar
[18] 2021 Grueso & ADNI RF, XGBoost, SVM 3 91.2%
Viejo-Sobera
[19] 2022 Harikaetal. ucCl RF, LR, DT, SVM 4 86.3%
Alzheimer’s
dataset
[20] 2023 Javeed et al. Custom dataset ~ Optimized SVM 1 93.1%
[21] 2022 Kavithaetal. ADNI RF, KNN, LR 3 89.4%
[22] 2019 Speiser etal. Simulated RF (various feature 1 83.4%
Classification selection methods)
Data
[23] 2022 Wangetal. ADNI (non- RF, SVM, XGBoost 3 88.7%
imaging
features)
[24] 2024 Zapata-Paulini  Custom dataset DT, KNN, AdaBoost 3 87.5%
& Cabanillas- (Parkinson’s)
Carbonell
[25] 2023 Rajayyan & Not specified DT, LR (w/ Cuckoo 2 90.2%
Mustafa Algorithm)
[26] 2017 Saricaetal. Neuroimaging Random Forest 1 89.5%
datasets
[27] 2019 Bin-Hezam & Modifiable Risk  RF, SVM, DT, LR 4 89.1%
Ward Factors Dataset
[28] 2023 Uddinetal. OASIS RF, SVM, XGBoost, 4 92.0%
AdaBoost
2025 Hosam El- Private and Logistic Regression, 7 97.32%
Sofany et al. Combined Random Forest,
Datasets AdaBoost, SVM,

Decision Tree,
XGBoost, and KNN




INFORMATICA ISSN: 0868-4952
36(10) |

3. ML Classification Algorithms for AD Prediction

Because of their superior pattern recognition capabilities in analyzing large datasets, ML
classification approaches have found extensive application in AD prediction. Several kinds
of data are utilized by these methods, including neuroimaging, genetic information, and
clinical records, to develop prediction models that may aid in the early diagnosis and
treatment of diseases. In this part, we will examine how ML classifiers can improve the
accuracy of AD predictions, specifically the seven ML classifiers employed in this work.

3.1 Predicting the Development of AD Using ML Classification Methods

When it comes to diagnosing diseases like Alzheimer's, where early detection is paramount,
ML classification algorithms have emerged as vital healthcare tools. These algorithms are
capable of handling massive amounts of data extracting useful features, and classifying
individuals as "Alzheimer's" or "non-Alzheimer's" with high accuracy. Medical research
frequently uses imbalanced and high-dimensional data; however, recent studies have
shown that ML classifiers can handle these types of datasets effectively [29].

The application of ML classification techniques in AD prediction has undergone substantial
change over the years. Early studies focused on single-modal data, such as neuroimaging
or clinical records, while recent research emphasizes the integration of multimodal data to
improve prediction accuracy. For instance, combining neuroimaging data with genetic and
clinical information has been shown to improve ML models' effectiveness [30]. Also, these
models are now better for clinical use because they are more reliable and easier to
understand, thanks to the use of ensemble methods and explainable Al techniques.

3.2 Contribution of ML Classifiers and SHAP Method in AD Prediction

e Random Forest: As an ensemble learning method, RF does an excellent task of
avoiding overfitting when dealing with high-dimensional data by training a large
number of decision trees and then producing the class modes for classification
problems. In AD prediction, RF has been used to analyze neuroimaging and clinical
data, achieving accuracies of up to 92.5%. Being able to manage missing data and its
barrier to noise makes it an attractive option for medical applications [31].

e Logistic Regression: Logistic regression is a statistical method for issues involving
binary classification. Based on a set of predictor variables, it estimates the likelihood
of a positive or negative result. While simpler than other classifiers, logistic regression
has been effective in predicting AD using clinical and genetic data, achieving
accuracies of up to 87.6% [32]. Its interpretability and ease of implementation make it
a valuable tool for preliminary analysis.

e Support Vector Machine (SVM): SVMs are effective classifiers because they locate
the best hyperplane to divide data points into their respective classes. Its application in
AD prediction has been substantial and performs exceptionally well in high-
dimensional areas. Studies have reported accuracies of up to 91.8% using SVM on
neuroimaging data from the ADNI dataset [33]. SVM's ability to handle nonlinear
correlations through kernel functions makes it a versatile tool for medical diagnosis.

o K-Nearest Neighbors (KNN): One nonparametric approach is KNN, which sorts data
points taking into consideration the most well-liked subject among their KNN. It is
simple to implement and effective for small datasets. In AD prediction, KNN has
achieved accuracies of up to 89.3% on private datasets [34]. Nevertheless, the "curse
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of dimensionality" can cause its performance to decrease when dealing with high-
dimensional data.

o Decision Tree: One kind of tree-based model is the decision tree, which employs
feature values to divide the dataset. For exploratory analyses, it is ideal because it is
simple to understand and depict. Decision tree has achieved 88.5% accuracy in AD
prediction using publicly available datasets [35]. However, it is prone to overfitting,
which can be mitigated using ensemble techniques such as RF.

e AdaBoost: AdaBoost is an ensemble technique that combines multiple
underperforming classifiers into an effective one. It focuses on correcting errors made
by previous classifiers, making it effective for imbalanced datasets. In AD prediction,
AdaBoost has achieved accuracies of up to 90.6% on open-access datasets [36]. Its
ability to improve prediction accuracy through iterative learning makes it a valuable
tool for medical applications.

e XGBoost: XGBoost is a sophisticated version of gradient boosting recognized for its
rapidity and efficacy. Its state-of-the-art accuracies on combined datasets reach up to
96.7%, making it widely utilized in AD prediction [37]. XGBoost stands out among
medical diagnosis classifiers due to its scalability, parallel processing capability, and
capacity to deal with missing data.

e Integration of Explainable Al: In this study, we used the SHAP method as an
explainable Al method to make ML-based models for predicting AD easier to
understand. Breaking down the model's predictions by feature is one way that SHAP
helps doctors understand how it came to its outcomes [38]. In the healthcare field, such
detail is crucial because Al-based diagnostic tools depend on trust and transparency.

4. The Proposed AD Model

This section introduces the proposed ML-based system for predicting AD, leveraging data
classification techniques and explainable Al methods. The approach involves
preprocessing the dataset, employing several ML algorithms, and then measuring how well
they performed. Figure 1 illustrates the steps in the proposed system. Data collection and
preprocessing to handle inconsistencies, including missing value handling (average
replacement), is the first step. Then partitioning the dataset for training and testing takes
place. To find the best model for AD prediction, several classification methods are used.
To help medical practitioners establish accurate diagnoses, the suggested solution makes
use of sophisticated ML methods and an explainable Al.
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Figure 1: The proposed AD prediction model

4.1 Methodology

Seven ML algorithms—SVM, AdaBoost, logistic regression, decision tree, RF, XGBoost,
and KNN—are utilized in the suggested method. These algorithms, chosen for their
capacity to evaluate complex datasets and deliver reliable predictions, support doctors and
data analysts in diagnosing AD. The study utilizes recent datasets, research articles, and
published works on AD to guarantee that the suggested model is applicable and
trustworthy. The methodology is structured into three stages: (1) data collection, (2) feature
extraction, and (3) data exploration, as depicted in Figure 1. Data cleansing, normalization,
and handling missing values are all part of data preprocessing [39]. The preprocessed data
is then classified using the seven ML algorithms. F1-score, accuracy, specificity, precision,
sensitivity, and AUC are the measures of the model's performance [40].

4.2 Datasets and Their Features

Using both public and private datasets, predicting the first signs of AD is the goal of this
study. With identical attributes, the public dataset has 1,815 samples, and the private dataset
has 335 samples. There are 2150 cases in the combined dataset, and each record has 33
features. These features include diet quality, age, gender, family status, ethnicity, education
level, smoking, alcohol use, physical activity, sleep quality, body mass index (BMI), and
medical history: AD, cardiovascular disease, diabetes, depression, head injury, high-
density lipoprotein cholesterol, low-density lipoprotein cholesterol, hypertension, diastolic
blood pressure, total cholesterol, systolic blood pressure, lipid triglycerides, mini-mental
state exam, assessment of functional abilities, complaints of memory loss or cognitive
impairment, difficulties with activities of daily living, personality changes, inability to
complete tasks at hand, and forgetfulness. "Diagnosis," the target variable, is a yes/no
indicator of whether AD is present or not. In Figure 2, you can see the breakdown of the
percentage of people with Alzheimer's in both datasets. Figure 2(a) shows that 59.59% of
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the 1815 records in the public dataset have a diagnosis of AD, while the remaining 40.5%
do not. Alternatively, as can be seen in Figure 2(b), out of 2150 records in the combined
dataset, 65% have an AD diagnosis, whereas 35% do not [41].

4.3 Datasets Preparation

We subject the dataset to thorough preprocessing to ensure it is clean, balanced, and ML
modelable. Removal of unnecessary columns like PatientNo and DoctorIinCharge and
replacement of binary class labels with descriptive ones ("Alzheimer disease” and "No
Alzheimer") are part of the preprocessing steps. We use the mean strategy to impute
missing values in the numerical columns after separating them from the nonnumerical
columns. The process of label encoding is used to convert categorical variables into a
numerical format. After that, we take the dataset and extract the features (X) and the
dependent variable (y). We applied the SMOTE method to address the class imbalance. To
make sure methods like logistic regression would work as expected, we used the
StandardScaler package to scale the features after splitting the data into a training set and
a testing set [42].

We assess the suggested approach using a combined and private dataset, with 75% of the
dataset for training and 25% for testing. We employ the MI method to measure feature
interdependence, with higher values indicating greater dependency. For instance,
the MemoryComplaints feature has the highest importance score of 22.36%,
while Cholesterol_LDL has the lowest at 1.4%, as shown in Figure 3 [43].

Data Balance Before SMOTE Data Balance Before SMOTE
Alzheimer disease
Alzheimer disease
59.5% (1080)
65.0% (1397)
40.5% (735) 35.0% (753)
No Alzheimer No Alzheimer
(a) Public dataset (b) Combined dataset

Figure 2: The percentage distribution of Alzheimer's cases among participants.
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Top 15 Feature Importance for Alzheimer's Disease

MemoryComplaints
BehavioralProblems
FunctionalAssessment
MMSE

ADL

HeadInjury

Confusion

Diabetes
FamilyHistoryAlzheimers
Gender

Disorientation
Hypertension
CardiovascularDisease
CholesterolTotal

CholesterolLDL

0.00 0.05 0.10 0.15 0.20

Figure 3: Features importance in the breast cancer dataset.

4.4 The Feature Selection Process

The three main techniques used for feature selection are ANOVA, chi-square, and MI. Each
method identifies the most relevant features for predicting AD. ANOVA checks how
important features are by looking at the differences between groups, which helps find
features that are noticeably different in Alzheimer’s and non-Alzheimer’s cases. The chi-
square test measures the independence of categorical features, highlighting those with
strong associations with the target variable [44]. To prioritize features that offer the most
information for prediction, the MI metric assesses the degree to which features are
dependent on the target [45]. We achieve accurate and interpretable predictions by
combining various strategies to identify the best attributes.

4.4.1 Analysis of Variance (ANOVA)

One statistical method for determining the significance of variations across groups
is ANOVA (e.g., AD vs. no AD). We compute the F-statistic in the analysis of variance by
using Eq. (1):

Between_ Group Variability SSg/(k—1)

"~ Within_ Group Variability =~ SSy,/(N — k)

€y

Where:
SSw = sum of squares within groups (measures the variability within each class),
N = total number of samples,
SSg = sum of squares between groups (measures variability between classes),
k = number of groups (classes),
Between-group variability (SSg) measures how much the means of the feature differ
across classes. A higher value indicates greater differences between groups.
Within-group variability (SSw) measures the variability of the feature within each
class. A lower value indicates more homogeneity within groups.
F-statistic shows that if the F-value is high, then the trait is very significant for class
distinction.
A higher F-value indicates that the features are more significant because they exhibit
significant differences across classes, making them useful for classification tasks.

11
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4,42 Chi-Square Test

To determine if categorical traits are independent of the dependent variable, the chi-square
test is employed. It measures the association between the feature and the target to find
features having a strong correlation with the result. We compute the chi-square statistic
(X?) by using Eq. (2):

_E2
XZ =3 (0 LEL) (2)

Where:
Oi = the number of occurrences a feature appears in each group,
Ei = expected frequency of the feature in each category (under the assumption of
independence),
Observed frequency (Oj) is the actual count of samples in each category.
Expected frequency (E;) is the count of samples expected in each category if the
feature and target are independent.
Chi-square statistic (y?) shows that feature association with the target becomes
stronger as the value increases.
Features with higher chi-square values are selected because they have a stronger
relationship with the target variable, making them more useful for prediction.

4.4.3 Mutual Information (MI)

Two variables' degrees of dependence on one another can be measured using Ml by
measuring how much information one variable provides about the other. Where it succeeds
is in detecting target-feature nonlinear relationships. We compute the MI of two variables
by using Eq. (3):
I(GY) = Teex yer PO, Ylog (02 (3)
Where:
MI ((1(X; Y)) shows that the value increases as the degree of dependence between X
and Y grows stronger. The independence of X and Y is represented by 1(X; Y)=0.
Joint probability (p(x, y)) is the probability of X and Y occurring together.
p(x) and p(y) = the corresponding marginal distributions of probability for X and Y.
p(x, y) = an analysis of the joint X and Y probability distribution.
Their marginal probabilities are denoted as p(x) and p(y), respectively, where X and Y
are considered independent variables.
A higher Ml score indicates that the feature provides additional information about the target
variable so that the model's predictions are more accurate. Therefore, features with higher
scores are preferred.

5. Experimental Results and Analysis

The outcomes of the tests and evaluations conducted on the proposed ML method for AD
prediction are detailed in this section. The implementation of the model was carried out
using Jupyter Notebook, which provides an interactive environment for data visualization,
live coding, and documentation. The dataset, comprising both public and private sources,
was initially cleaned using Python's Pandas and NumPy libraries to handle missing values
and inconsistencies. Following this, the data was preprocessed using the StandardScaler
method from the Scikit-learn module to normalize the features and ensure uniformity. To

12
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determine which traits were most important for AD prediction, three separate methods were
used: MlI, chi-square, and ANOVA.

Consequently, training was done on 75% of the dataset while testing was done on 25%.
This section ensures an accurate assessment of the model's efficacy. For the final
predictions, among seven distinct ML classifiers, we utilized the model with the highest
performance following training and testing. The subsections that follow present a
comprehensive evaluation of the experiment outcomes.

5.1 Performance Evaluation

Here, we showcase the results of evaluating the suggested method with various ML
classifiers. Using the confusion matrix's true negatives (TN), false positives (FP),
specificity, precision, accuracy, and AUC, we assess the system's performance. The
confusion matrix provides a comprehensive summary of the model's predictions, as seen in
Figure 4. Based on this research, the XGBoost classifier using SMOTE was able to
accurately identify 253 TFPCs, while making 9 FPPCs and missing 6 FNPCs, and correctly
identified 291 TN cases, showing that it works well for classifying AD using the public
dataset. Figure 5 highlights the correlation between important features, emphasizing the
linear relationships among variables with at least a 90% correlation. The correlation matrix
provides a clear and understandable summary of the relationships between the top 10
features in the dataset. By identifying strong correlations, it helps reduce redundancy,
improve model performance, and gain insights into the underlying biology and clinical
manifestations of AD. The heatmap visualization makes it easy to interpret and
communicate these findings to stakeholders, including clinicians and researchers.

Confusion Matrix for XGBoost

I 150
- 100

Predicted

Actual

Figure 4: Confusion matrix using XGBoost and SMOTE for a public dataset.
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Correlation Matrix (Top 10 Features)
1.0
Gender il -0.02 -0.03 0.00 0.00 0.03 0.03 0.00
FamilyHistoryAlzheimers Sl -0.02 0.02 -0.02 0.01 0.02 -0.00 - -0.03
0.8
Diabetes SRR 1.00 -0.00 0.00 0.02 -0.01 0.04 - -0.02
Confusion JEeRES -0.00 1.00 -0.03 0.01 0.00 -0.02 - -0.01
- 0.6
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Figure 5: Correlation between the first ten important features of a public dataset.

Additionally, Figures 6 and 7 present scatter and density plots for four selected features,
offering insights into their distributions, correlations, and potential outliers.

Scatter Plot of Top 3 Features
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Figure 6: Scatter plot among the first three features.
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Density Plot of Top 3 Features
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Figure 7: Plot of density for the first three features.

The performance metrics are calculated as follows:
e Accuracy determines the percentage of accurately labeled samples. We compute the
accuracy by using the formula of Eq. (4):

Accuracy = —2*N 4)

Tp+TN+Fp+FN
e Specificity determines the exact proportion of false negatives that were identified.

We compute the specificity by using the formula of Eq. (5):

Specificity = 1 — (F;"TN) ©)
Sensitivity (Recall) indicates the proportion of correctly identified positive cases. We
compute the specificity by using the formula of Eq. (6):

Sensitivity = —2 (6)

Tp+FN
e F1-Score unifies recall and precision into a single measure. We compute the F1-score
using the formula of Eq. (7):

2+ (precision* recall
F — Score = M

precision+ recall (7)
e Precision figures out how accurate positive predictions are. We compute the precision
using the formula of Eq. (8):

- T
Precision = —% (8)
Tp+Fp

In comparison to other algorithms, the most effective classifier was the XGBoost model
with a 97.32% accuracy, 97.68% sensitivity, 97.00% specificity, 96.56% precision, 97.12%
Fl-score, and 98.43% AUC, using the combined dataset. Using the public dataset,
XGBoost achieved an accuracy of 97.23%, specificity of 96.52%, precision of 96.14%,
sensitivity of 98.03%, AUC of 98.30%, and F1-score of 97.07%. Furthermore, XGBoost
did exceptionally well on the private dataset with 95.83% accuracy, 93.94% sensitivity,
96.88% precision, 97.44% specificity, 98.52% AUC, and 95.38% F1-score.

Table 2 summarizes these findings and compares the seven algorithms' performance using
the combined dataset with SMOTE. Figure 8 shows the accuracy results of the seven ML
classifiers using a combined dataset with SMOTE.
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Table 2: Performance metrics for seven ML classifiers using a combined dataset with

SMOTE.

Ser. Classifier Accuracy Sensitivity Specificity Precision F1-score
1 Random Forest 96.96 96.91 97.00 96.54 96.72
2 Logistic Regression 84.08 83.78 84.33 82.20 82.98
3 Support Vector 61.72 62.16 61.33 58.12 60.07

Machine
4 Decision Tree 91.06 89.58 92.33 90.98 90.27
5 K-Nearest 61.90 45,56 76.00 62.11 52.56
Neighbors
6 AdaBoost 94.81 92.28 97.00 96.37 94.28
7 XGBoost 97.32 97.68 97.00 96.56 97.12

The accuracy of the sewen ML classifiers (using a combined dataset)

96.96
B4.08
i -

Accuracy™

XGBoost AdaBoost K-Mearest Decision Tree Support Logistic Random
Neghbors Vector Regression Forest
Machine
ML classifier

Figure 8: Seven ML classifiers' accuracy results on a combined dataset using SMOTE.

In this section, we offer a thorough assessment of how well each classifier performed on

the combined dataset. The results are as follows:

e Random Forest finished with an Fl-score of 96.72%, a precision of 95.54%, a
specificity of 97%, and a sensitivity of 96.91%. The confusion matrix revealed a case
count of 252 TP, 289 TN, 11 FP, and 7 FN.

o Logistic Regression ensured accuracy by 84.08%, F1-score of 82.98%, specificity of
84.33%, precision of 82.20%, and sensitivity of 83.78%. The confusion matrix
included 217 TP, 253 TN, 47 FP, and 42 FN cases.

e Support Vector Machine recorded an accuracy of 61.72%, precision of 58.12%,
sensitivity of 62.16%, F1-score of 60.07%, and specificity of 61.33%. The confusion
matrix displayed 161 TP, 184 TN, 116 FP, and 98 FN cases.

e Decision Tree attained an accuracy of 91.06%, an F1-score of 90.27%, a precision of

90.98%, a sensitivity of 89.58%, and a specificity of 92.33%. By analyzing the
confusion matrix, we found 229 TP, 271 TN, 29 FP, and 30 FN cases.

K-Nearest Neighbors ensured an accuracy of 61.90%, specificity of 76.00%, sensitivity

of 45.56%, Fl-score of 52.56%, and precision of 62.11%. The confusion matrix
included 118 TP, 228 TN, 72 FP, and 141 FN cases.
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e AdaBoost reached a 94.81% accuracy rate, 92.28% sensitivity, 97.00% specificity,
96.37% precision, and 94.28% F1-score. There were 239 TP, 291 TN, 9 FP, and 20 FN
examples listed in the confusion matrix.

o XGBoost accomplished the highest accuracy of 97.32%, sensitivity of 97.68%, F1-score
of 97.12%, precision of 96.56%, and specificity of 97% of any classifier tested. Among
the cases shown in the confusion matrix, there were 253 TP, 291 TN, 9 FP, and 6 FN.

Afterward, we trained the ML-based model and evaluated it on the other datasets using a
domain adaptation strategy. Table 3 summarizes these findings and compares the seven
algorithms' performance using the private dataset (consisting of 335 cases). Figure 9 shows
the accuracy results of the seven ML classifiers using the private dataset with SMOTE.
The XGBoost algorithm demonstrated the highest accuracy and overall performance; thus,
it is a superior model for AD prediction.

Table 3: Performance metrics for seven ML classifiers using a private dataset with

SMOTE.
Ser. Classifier Accura Sensitivity Specificity  Precision F1-

cy Score
1 Random Forest 88.89 87.88 89.74 87.88 87.88
2 Logistic Regression 81.94 87.88 76.92 76.32 81.69
3 Support Vector 44.44 69.70 23.08 43.40 53.49

Machine

4 Decision Tree 91.67 93.94 89.74 88.57 91.18
5 K-Nearest Neighbors 48.61 45.45 51.28 44,12 44.78
6  AdaBoost 91.67 87.88 94.87 93.55 90.62
7 XGBoost 95.83 93.94 97.44 96.88 95.38

5.2 Discussion

This study utilized many types of ML classifiers applied to public, private, and combined
datasets to detect the first signs of Alzheimer's. The dataset has undergone preprocessing
and data partitioning into 25% for testing and 75% for training. The metrics utilized for
evaluation included accuracy, F1-score, sensitivity, precision, specificity, and AUC. We
performed feature selection using ANOVA, MI, and chi-square to identify the most useful
attributes for making predictions. It was clear from the trials that XGBoost achieved the
highest level of accuracy, at 97.32%, followed by RF with 96.96%. The XGBoost classifier
also demonstrated superior sensitivity of 93.94%, specificity of 97.44%, precision of
96.88%, and F1-score of 95.38%.

The SHAP approach was incorporated to improve the model's interpretability. SHAP
values provided insights into the contribution of individual features, such as memory
complaints, behavioral problems, and age. This method enhanced the transparency of the
model and made it easier to use in healthcare settings for healthcare practitioners by giving
them practical information. Figure 10 presents a SHAP summary plot, highlighting the
importance of every attribute used for making predictions.
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Figure 9: The accuracy results of the seven ML classifiers using a private dataset with
SMOTE.
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Figure 10: Al explanation with SHAP values for feature importance.

In this research, the SHAP methodology was incorporated into the proposed framework to
create an integrated way to evaluate how each feature affected the model's predictions of
AD. This integration significantly improves our ML method's clarity and interpretability.
SHAP explains in detail how different parameters affect the results produced by the model,
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rendering it an invaluable resource for medical professionals and academics alike. Below

are the key ways that SHAP improves our model.

1. Analysis of Individual Predictions: SHAP allows for the examination of individual
predictions, providing insights into the reasoning behind specific patient outcomes. It
is very important in healthcare settings to have this ability, where understanding the
basis of a prediction can inform further diagnostic procedures or treatment plans,
ensuring more personalized and effective patient care.

2. Explanation of Feature Contributions: The SHAP values provide a comprehensive
analysis of the features' effects on the predictions of the model. To illustrate the point,
consider the setting of AD prediction. SHAP can clarify the role of features such as
memory complaints, behavioral issues, age, gender, and cardiovascular conditions in
shaping the final prediction. This allows medical professionals to concentrate on the
factors that significantly affect the predictions of the model.

3. Insights into Global Model Behavior: Beyond explaining individual predictions, SHAP
offers a broader perspective on how well the model works across all datasets. To
provide an entire overview of the decision-making procedure of the model, it shows
which features are typically the most important and how they interact with each other.

4. Building Trust and Facilitating Adoption in Healthcare: To effectively apply Al
models in clinical practice, their decision-making processes must be clear and
understandable. SHAP values provide this clarity by validating and giving more
medical professionals confidence in the system by clarifying the predictions of the
model. ML models must be transparent to foster trust in real-world healthcare settings.

In the end, the best model for predicting the first symptoms of AD was the XGBoost

algorithm, plus SMOTE for managing imbalanced data. By accomplishing its goals, the

study set the basis for future research in the field and proved that ML may be useful in early
disease identification.

6. Study Limitations

Despite the hopeful results and potential utility of the proposed method for creating
algorithms to anticipate AD using ML, it is important to highlight certain limitations to
provide an accurate assessment of the study's findings:

1. The Availability and Quality of Datasets: The availability and quality of training and
testing datasets determine the efficacy and consistency of ML models. For this study,
we consulted a variety of public and private datasets. However, these datasets may have
limitations in terms of availability, representativeness, and overall quality. Such
constraints could hinder the generalizability of the proposed approach to broader
populations or datasets from diverse sources, possibly reducing its usefulness in
practical situations.

2. Classes Imbalance: ML classifiers can be negatively impacted by imbalanced classes
when one class is far more numerous than the other. Researchers used SMOTE to solve
this problem. While SMOTE is an improvement over other methods, it does help bring
about more equitable class distributions by providing minority groups with synthetic
samples. The synthetic samples may not fully capture the underlying data distribution,
potentially introducing bias and reducing the accuracy of predictions when applied to
real-world datasets.

5. Algorithm Selection: Finding the best model to predict the beginning of AD required
investigating a wide variety of ML algorithms, which the study did. Nevertheless, the
results might have been affected by the subjective nature of algorithm selection. There
may be alternative algorithms out there with better accuracy or different trade-offs that
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were not analyzed in this work. Future research should carefully evaluate a wider range
of ML methods to select the optimal algorithm for this task.

6. Domain Adaptation: The research proved that the suggested system could be adjusted
using domain adaptation methods. Despite this, the approach may still face limitations
when applied to diverse populations or environments. Factors such as varying
demographics, lifestyles, and healthcare systems could impact the model's
performance. Further research is necessary to determine how effective the suggested
method is in other populations and to tackle possible difficulties related to domain
adaptation.

7. Feature Selection Bias: Improving model performance relies heavily on feature
selection, which, if not handled properly, might generate bias. To find important
features, the research used statistical approaches like ANOVA, MI, and chi-square.
However, these methods may overlook complex interactions between features or fail
to capture nonlinear relationships, potentially leading to suboptimal feature sets. Future
work could explore more advanced feature selection techniques or incorporate domain
knowledge to ensure a more comprehensive and unbiased selection process.

8. Privacy and Ethical Considerations: Concerns about privacy and ethics arise when
dealing with sensitive health information, such as patient records. Ensuring data
anonymization and compliance with regulations like GDPR or HIPAA is essential but
can be challenging. Additionally, biases in the dataset, such as underrepresentation of
certain demographic groups, could lead to unfair or inequitable predictions. For
healthcare organizations to responsibly implement ML models, it is essential to address
these privacy and ethical concerns.

9. Generalization to Real-World Scenarios: The study's results are based on controlled
experiments using specific datasets, of which reality might not be a perfect reflection.
Factors such as missing data, noisy measurements, and variations in data collection
methods across healthcare institutions could affect the model's performance when
deployed in practice. Robust testing on diverse, real-world datasets is necessary to
validate the model's generalizability and reliability.

10. Computational Resource Requirements: Training and optimizing ML models,
particularly complex algorithms like XGBoost, can be computationally intensive. This
may limit the feasibility of deploying such models in resource-constrained
environments, such as small clinics or developing regions. Developing lightweight and
efficient versions of the model without compromising performance is an area that
warrants further investigation.

11. Coordinating with Clinical Procedures: For clinical practice to make good use of the
model, it must be seamlessly integrated into existing healthcare workflows. This
requires collaboration with healthcare providers to ensure the model's outputs are
actionable and align with clinical decision-making processes. Challenges such as user
interface design, interoperability with electronic health records (EHRs), and clinician
training must be addressed to facilitate adoption.

7. Conclusions and Future Work

This work suggested a ML-based approach to AD prediction using advanced data
classification methods and an explainable Al framework. The research aimed to address
the growing need for early and accurate diagnoses of AD, especially in countries where the
illness is spreading at an alarming rate, such as Saudi Arabia and Egypt. The research
looked at seven different ML classifiers to find the best one for predicting when AD will
start. These models included SVM, AdaBoost, XGBoost, logistic regression, RF, decision
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tree, and KNN. The datasets used in the evaluation were a mix of public and private. To
resolve the issue of unbalanced data and ensure the model's strong performance, SMOTE
was used. The XGBoost classifier was shown to be the most effective algorithm according
to the experimental results, achieving optimal performance metrics on both the combined
and private datasets. The XGBoost classifier had an accuracy of 97.32%, precision of
96.56%, sensitivity of 97.68%, specificity of 97.00%, AUC of 98.43%, and F1-score of
97.12%. Using the public dataset, XGBoost achieved an accuracy of 97.23%, precision of
96.14%, AUC of 98.30%, specificity of 96.52%, sensitivity of 98.03%, and F1-score of
97.07%. Furthermore, XGBoost did exceptionally well on the private dataset with 95.83%
accuracy, 93.94% sensitivity, 96.88% precision, 97.44% specificity, 98.52% AUC, and
95.38% F1-score. These findings demonstrate that XGBoost is capable of efficiently
processing large datasets and may be useful for the accurate prediction of AD. To facilitate
a deeper understanding of the model, the study integrated SHAP methodologies, shedding
light on how specific attributes affect the model's predictions. By providing healthcare
providers with practical insights, this explainable Al framework increased the model's
transparency and paved the way for its implementation in clinical settings. The SHAP
analysis revealed that features such as memory complaints, behavioral problems, and age
were among the most influential in predicting AD, aligning with clinical knowledge and
increasing confidence in the model's predictions. The proposed technique offers significant
potential for early-stage AD prediction, offering a healthcare application solution that is
both efficient and cost-effective. By combining high-performance ML models with
understandable Al, this research helps advance methods for diagnosing AD that are both
accurate and easy to understand, ultimately supporting early intervention strategies and
improving patient outcomes.

Despite the promising results of the proposed approach, we have identified several areas

for further research and improvement.

1. Dataset Expansion and Diversity: More extensive and varied databases should be the
goal of future research, including data from different geographic regions and
demographic groups. This will enhance the model's capacity to apply across different
populations and its generalizability.

2. Longitudinal Data Integration: Improved knowledge of AD evolution and more exact
predictions may be possible with the use of longitudinal data that follows patients over
time. This would allow the model to capture temporal dynamics and changes in patient
conditions.

3. Advanced Feature Selection Techniques: To further improve the model's performance,
the study used ANOVA, MI, and chi-square for feature selection. Additional advanced
strategies could be explored in future studies, such as feature extraction based on deep
learning or domain-specific feature engineering.

4. Hybrid Models: Combining multiple ML algorithms or integrating deep learning
techniques with traditional ML models could lead to improved prediction accuracy.
Hybrid models that leverage the strengths of different algorithms may offer better
performance in complex datasets.

5. Real-World Deployment: Deploying the suggested model to real healthcare institutions
to evaluate its efficacy in practical settings should be the focus of future studies. This
includes addressing challenges related to integration with electronic health records,
user interface design, and clinician training.

6. Ethical and Privacy Considerations: As the use of sensitive health data raises ethical
and privacy concerns, future work should prioritize ensuring data anonymization and
compliance with regulations such as GDPR and HIPAA. Additionally, addressing
potential biases in the dataset to ensure fair and equitable predictions is crucial.
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7. Explainable Al Enhancements: Even though SHAP is a great tool for understanding
feature contributions, future research could explore additional explainable Al
techniques to further enhance model interpretability. This includes developing user-
friendly visualization tools and integrating domain-specific knowledge into the
explainability framework.

8. Computational Efficiency: Optimizing the model's computational efficiency, especially
for resource-constrained environments, is an important area for future work.
Developing lightweight versions of the model without compromising performance will
facilitate its adoption in smaller clinics and developing regions.

Finally, we established the framework for future research into AD prediction utilizing

explainable Al and ML. Improving patient outcomes and reducing the global impact of AD

can be achieved through the proposed method's emphasis on early detection and
intervention. To make sure the model is widely used and has an impact on healthcare, future
studies should build on these findings to make it even better.
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