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Abstract

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that gradually impairs memory and
cognitive function. Early detection of AD is vital, as it allows for timely clinical intervention and
potentially slows disease progression. In recent years, machine learning (ML) has emerged as a powerful
tool in medical diagnostics, offering support in identifying early indicators of AD. This study investigates
the performance of several ML models in classifying early-stage AD using clinical data. Seven ML
algorithms were evaluated: Categorical Boosting (CatBoost) and eXtreme Gradient Boosting (XGBoost),
which are both types of Gradient Boosting Machine (GBM), Logistic Regression (LR), Support Vector
Machine (SVM), k-Nearest Neighbors (KNN), Random Forest (RF), and Multi-Layer Perceptron (MLP)
Neural Network (NN). These models were compared based on their accuracy, precision, recall, F1-score,
specificity, Cohen’s kappa, and Receiver Operating Characteristic (ROC) Curve-Area Under the Curve
(AUQ), key metrics for assessing classification performance. Among all models tested, CatBoost, which is a
GBM-based classifier, achieved the highest overall performance, with an accuracy of 96.74%, precision of
96.86%, recall of 94.48%, F1-score of 95.65%, specificity of 98.13%, Cohen’s kappa of 93.05%, and ROC-
AUC of 96.30%. RF also performed strongly, with 95.81% accuracy and 94.34% F1-score. XGBoost, another
GBM classifier, showed comparable effectiveness with 95.58% accuracy and 94.08% F1-score. In contrast,
traditional classifiers like LR and SVM delivered lower accuracy (84.42% and 83.72%, respectively) and F1-
scores near 77%. MLP outperformed these traditional methods with 85.58% accuracy and 78.91% F1-score.
KNN had the weakest performance, particularly in recall (49.08%) and F1-score (62.26%), despite relatively
high precision (85.11%) and specificity (94.76%). Overall, the findings affirm that the models CatBoost and
RF provide the most reliable and generalizable solutions for the classification task in this study, exhibiting
high discriminative capability and stability across all evaluated metrics.
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Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder marked by irreversible cognitive
impairment [1]. Based on the work of Rony et al. [2], one growing concern, made even more pressing by the
COVID-19 pandemic, is the increased susceptibility of older adults to mental health issues. Conditions
such as depression and anxiety are all too often dismissed as just a natural part of getting older, when in
fact they are both common and serious. Adding to this are neurodegenerative illnesses, such as the AD,
which bring about memory loss, confusion, and profound changes in personality. Despite the significant
impact these conditions can have, they frequently go undetected or remain untreated in older

populations, underscoring the complexity and urgency of addressing mental health in later life. AD can be
prevented by consuming vitamins such as Omega-3 [3] or vitamin D [4].

Early detection remains a significant challenge, as clinical symptoms often emerge long after the initial
onset of pathology. This underscores the importance of identifying subtle alterations in biomarkers, which
are frequently observable through neuroimaging techniques. In this context, computer-aided diagnostic
systems employing machine learning (ML) and deep learning have emerged as promising tools for the
early identification of diseases such as AD [1], type 2 diabetes [5], liver disease [6], or heart stroke [7], by
analyzing complex and heterogeneous data inputs [1]. Kaur and Sachdeva [1] in their review of recent
studies highlight the adoption of diverse algorithmic frameworks, with a strong emphasis on practical
aspects such as data acquisition methods, input modalities, feature engineering, and model validation.
Their comparative performance analysis suggests that deep learning models, especially those designed to
integrate multimodal information, demonstrate notable efficacy in early-stage detection and multiclass
classification of AD.
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According to Priya et al. [8], AD is a progressive neurodegenerative disorder that impairs cognitive
functions and gradually deteriorates neuronal structure and performance. Early detection of AD allows for
prompt intervention, which can enhance patient outcomes and overall quality of life. In this context, ML
plays a crucial role in the diagnostic process, assisting healthcare providers in identifying abnormalities
and prioritizing critical cases. As a result, significant research has recently focused on developing effective
methods for the prediction and early detection of AD.

In the study by Mao et al. [9], weighted gene co-expression network analysis combined with various ML
algorithms was utilized to pinpoint critical palmitoylation-associated genes linked to AD. Further
analyses, including immune cell infiltration profiling and construction of a competing endogenous RNA
(ceRNA) network, highlighted the potential involvement of ZDHHC22 gene in immune modulation and
gene regulatory processes, offering novel perspectives on the underlying mechanisms of AD pathogenesis.

According to Jiao et al. [10], AD is characterized by intricate disruptions in various biological pathways,
underscoring the importance of comprehensive blood-based biomarkers for accurate and early diagnosis.
They developed a cost-effective and accessible ML approach utilizing digital biomarkers derived from
plasma spectral data to distinguish individuals with AD or mild cognitive impairment from healthy
controls, as well as to differentiate AD from other neurodegenerative disorders. Retrospective data from
1,324 participants, comprising 293 amyloid beta-positive AD cases, 151 with mild cognitive impairment,
106 with dementia with Lewy body dementia, 106 with frontotemporal dementia, 135 with progressive
supranuclear palsy, and 533 healthy controls, were collected between July 2017 and August 2023. Feature
selection techniques and a Random Forest (RF) classifier were employed to identify relevant digital
biomarkers. The extracted features from Attenuated Total Reflectance-Fourier Transform Infrared plasma
spectra effectively captured AD-related pathological alterations, supporting their potential as digital
biomarkers for early detection and differential diagnosis of AD.

According to Javed et al. [11], chronic diseases pose a significant global health burden. In recent years,
deep ML algorithms have been increasingly applied to the diagnosis of such conditions. Early diagnosis
and intervention are critical, as they reduce the risk of disease progression and associated mortality. Their
study presents a deep learning-based approach that achieves improved diagnostic accuracy, with their
model reaching 96.06% accuracy. These findings contribute to the advancement of personalized
Healthcare 5.0 by enabling more efficient prediction of chronic diseases. Furthermore, their results
underscore the importance of selecting appropriate models tailored to specific disease types, particularly
when leveraging data from internet of medical things-enabled devices.

This work builds upon our previous work [12-21], where we integrated ML mechanism within an access
control framework by using patient’s contextual information, enhancing the overall security and
functionality of electronic health information systems. Our work aims: i) to study various ML techniques
applied to AD prediction and based on a medical dataset consisting of medical records of 2,149 patients,
and ii) to compare the findings of our study with other ML techniques in the literature.

In this work, six ML algorithms were evaluated for their effectiveness in detection of AD: Gradient
Boosting Machine (GBM), Logistic Regression (LR), Support Vector Machines (SVMs), k-Nearest Neighbors
(KNN), RF, and Multi-Layer Perceptron (MLP) Neural Network (NN) method by using the medical dataset
“Alzheimer's Disease Dataset” [22] derived from 2,149 patients. The rest of this work is organized as
follows: i) The “Introduction” reviews previous research that has applied ML techniques to AD detection,
using either the same dataset or similar ones. ii) The “Materials and Methods” section describes the
dataset and the ML methods used in this study. iii) In the “Results”, we present the performance metrics of
each model, along with a comparison to existing studies that used the same dataset with different
approaches. iv) The “Discussion” explores how our findings align with or differ from past research, and
also compares the strengths and limitations of the various ML methods. v) Finally, the “Conclusion”
summarizes the main findings and highlights the contributions of this work.

Suné [23] reported accuracies of ML models for AD prediction, by implementing the “Alzheimer's Disease
Dataset” [22], which range from 63% using SVMs to 91.8% with convolutional NNs. The SVM models
achieved accuracies between 80% and 88%. His enhanced performance appears to stem from the
integration of both medical and lifestyle variables, indicating that multimodal data can significantly
improve diagnostic accuracy with SVMs. In contrast, the NN models, which did not incorporate
convolutional layers, attained accuracies between 63% and 86%, falling short of the best results in the
literature. Despite employing deep learning architectures with varying hidden layers, the absence of
convolutional components may have limited their ability to extract more complex patterns necessary for
top-tier performance. Among all models tested, the Decision Tree (DT) classifier emerged as the top
performer, achieving an accuracy of 93.4% when trained on statistically significant variants and
normalized using MinMax scaling, surpassing previously reported state-of-the-art results. Closely
following was the RF classifier, with an accuracy of 93.37%, under the same configuration. Additional
strong performances were observed from both DT and RF models using MinMax scaling, each achieving
92% accuracy. These findings suggest that MinMax normalization pairs particularly well with tree-based
algorithms, as all top-four performing models employed this combination. Further supporting this trend,
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two additional tree-based models using Standard Scaler also surpassed the 90% accuracy threshold. Tree
algorithms are particularly well-suited for this domain, as they inherently filter out non-informative
features, a critical advantage when working with heterogeneous medical data. In the 80% accuracy range,
notable models include SVMs with significant variant selection and MinMax scaling, NNs with significant
features and Standard scaling, and KNN using the same approach. LR models also performed consistently
in this range, despite their simplicity.

The results of the study by Balbal [24] underscore the strong potential of ML algorithms in accurately
predicting AD. His analysis was conducted using a publicly available dataset from the Kaggle platform,
which is used for our work as well [22] comprising 2,149 patient records and 35 demographic and clinical
features, all of which were complete and free from missing values. This ensured the dataset’s integrity and
suitability for robust ML analysis. The primary objective of the study was to evaluate the predictive
performance of several widely used ML algorithms that are commonly applied in disease prediction and
classification research.

The algorithms assessed included eXtreme Gradient Boosting (XGBoost), KNN, Gaussian Naive Bayes, DT,
RF, AdaBoost, and SVMs. Their performance was evaluated using four key metrics: accuracy, precision,
recall, and F1-score. Among these, XGBoost outperformed all other models, achieving the highest
accuracy of 95.35%, reflecting its strong capacity to model complex relationships within multidimensional
clinical data. This aligns with existing literature, where XGBoost classifiers have consistently
demonstrated high effectiveness in similar predictive tasks.

Conversely, KNN yielded the lowest accuracy at 75.54%, although it still performed above a baseline
threshold, indicating a general adequacy of all models in predicting AD to varying degrees. Despite
differences in performance, the study's findings confirm the overall efficacy of ML algorithms in
supporting early diagnosis efforts for AD. In particular, the outstanding performance of XGBoost
highlights the value of advanced ensemble techniques in leveraging intricate data patterns for improved
clinical decision-making.

A study by Sendhil et al. [25] presents a comprehensive overview of traditional approaches employed in
the detection and treatment of AD, by using the “Alzheimer’s Disease Dataset” that we used in our work as
well [22]. Utilizing a dataset comprising 2,149 individuals with varied demographic, lifestyle, clinical, and
cognitive characteristics, five ML algorithms were evaluated and compared. Among these, KNN and the RF
classifier demonstrated the highest performance, each achieving accuracy rates exceeding 92% along with
well-balanced F1-scores. Their results underscore the robustness and reliability in the context of early-
stage AD prediction, outperforming the other models assessed in their study.

A study by Airlangga [26] evaluates the predictive performance of three ML architectures, namely, MLP
NN, convolutional NN, and long short-term memory, for the detection of AD using the same
multidimensional dataset, which was used in our work as well. Among the models, convolutional NN
outperformed the others, achieving an average accuracy of 88.65%, compared to 84.41% for MLP and
75.57% for long short-term memory. These findings emphasize convolutional NN’s strength in capturing
spatial dependencies within clinical data, positioning it as a highly effective approach for AD diagnosis. In
contrast, the long short-term memory model underperformed, likely due to the dataset's lack of temporal
continuity, which limited its ability to leverage sequence-based learning. Overall, the study highlights the
critical importance of aligning model architecture with the nature of the dataset and lays the groundwork
for incorporating ML techniques into clinical decision-making processes.

According to Raghupathy et al. [27], ensemble classifiers integrated with explainable artificial intelligence
have become a valuable tool in diagnosing AD. Specifically, boosting-based ensemble techniques paired
with shapley additive explanations provide a robust framework for AD diagnosis. This study explores the
use of boosting ensemble ML models like XGBoost, LightGBM, and Gradient Boosting (GB) in conjunction
with shapley additive explanations for feature selection. The proposed approach demonstrated high
effectiveness, achieving over 94% accuracy using a minimal set of features in the detection process.

The framework of Oncu [28] integrates two distinct artificial intelligence models. The artificial NN was
trained using clinical data from 1,200 patients, encompassing 31 features related to demographics,
symptoms, and behavior, to evaluate the risk of AD. The dataset that the authors used for their artificial
NN model was used in our work as well. In parallel, a convolutional NN processed 4,876 MRI scans to
confirm diagnoses and categorize the disease into four stages: non-demented, very mild, mild, and
moderate dementia. The dataset that they used for the convolutional NN model was different from the one
that we used in our work. To improve transparency and clinical relevance, Gradient-weighted Class
Activation Mapping visualizations were used to highlight significant imaging features. The artificial NN
offers a fast and accessible tool for estimating AD risk based on clinical inputs, while the convolutional NN
verifies the diagnosis and assesses the severity through imaging analysis. Combined the methods above,
they form a robust diagnostic approach that merges clinical and imaging data for enhanced precision.
Their artificial NN reached an accuracy of 87.08% (using the “Alzheimer's Disease Dataset,” which is the
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same dataset that we used in our work) in detecting high-risk individuals. Additionally, their
convolutional NN achieved 97% accuracy in staging the disease (using the “Augmented Alzheimer MRI
Dataset,” which is different from our work).

Materials And Methods

Six ML algorithms were evaluated for their effectiveness in the early detection of AD: RF, KNN, SVMs, LR,
GBM, and MLP NN method. These models were compared based on their accuracy, precision, recall, F1-
score, specificity, Cohen’s kappa, and receiver operating characteristic (ROC) curve-area under the curve
(AUC), key metrics for assessing classification performance.

Random forest classifier

The RF algorithm is a widely used ensemble learning technique that aggregates the outputs of multiple
DTs to derive a single predictive outcome. One of its strengths lies in the ability to assess feature
importance at both the model level and on a per-instance basis. Since it evaluates various combinations of
features across its trees, the contribution of each feature to prediction accuracy can be estimated by
measuring the increase in error when that feature is excluded or permuted.

K-nearest neighbors

KNN classifies new instances by assigning them to the most common class among their nearest neighbors
in the feature space. In the context of AD detection, this straightforward method has been utilized to
identify early stages of cognitive decline, ranging from no impairment to very mild, mild, and moderate
cognitive loss, based on similarity to previously classified patient data.

Support vector machines

SVM is a supervised learning method used for both classification and regression tasks. It works by
identifying the optimal hyperplane that separates data points from different classes in a high-dimensional
space. This method is particularly effective in handling complex and high-dimensional datasets.

Logistic regression

LR is a statistical model designed for binary classification, estimating the probability that a given input
belongs to one of two possible categories. In the context of AD prediction, it has been employed to build
risk models based on variables such as cognitive performance, demographic factors, and health indicators.
This model estimates the likelihood of developing AD by analyzing the relationship between these
predictors and the log-odds of disease presence.

Gradient boosting machine (CatBoost and XGBoost)

GBM is an ensemble method that enhances prediction performance by iteratively combining weak
learners, typically decision trees. Each iteration focuses on correcting the errors made by the previous
model, allowing the algorithm to gradually refine its predictions. GBM is particularly effective at
identifying subtle patterns in the data that may be indicative of early AD progression. More precisely, two
types of GBM are utilized in this work: CatBoost and XGBoost. CatBoost is a GBM algorithm designed to
handle categorical data efficiently and it aims to make gradient boosting less prone to overfitting.
XGBoost is a highly efficient gradient boosting library and it is suitable for large scale datasets.

Multi-layer perceptron neural network

Artificial NNs are composed of three main types of layers: input, hidden, and output layers. The number of
hidden layers determines the depth of the network. In fully connected NNs, each neuron in one layer is
connected to every neuron in the following layer. The output from one layer serves as the input to the
next, processed through an activation function applied to each neuron. Moreover, each connection is
assigned a specific weight, and a bias term is associated with each layer. The output of each layer can be
represented by the following equations:

ap = (Wihi—1) + by

hy = f(a)

In this context, [ denotes the index of the layer, frefers to the activation function (such as softmax, ReLU,
or sigmoid), W represents the weight matrix of layer [, h; is the activation output, and b; signifies the bias
term for that specific layer. The equation below presents the loss function, where N is the number of
nodes in the network’s output layer, P(a) is the predicted output, a stands for the NN’s parameters, and y
corresponds to the true target value.
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The primary goal in training a NN is to optimize its parameters by minimizing the loss function. The
equation below presents the loss function with an added regularization term, denoted as Q(a), which
serves as a penalty factor to prevent overfitting.

1

L=—
Ni

(i — P(a))* + Q(a)

WE

1

Performance indices
In this study, we initially assessed the performance of the developed models using accuracy as the primary
evaluation metric, as defined in the following equation:
TP+TN
TP+TN+ FP+FN

Accuracy =

True Positives (TP) and True Negatives (TN) correspond to correctly classified instances, while False
Positives (FP) and False Negatives (FN) represent misclassified outcomes. In addition to accuracy, the
following performance evaluation metrics were also employed to comprehensively assess the model’s

effectiveness:
Precisi TP
recision = ———
TP+ FP
TP
l=—
Recall = 757N
2 % Precision * Recall
Fl= A _ 2+«TP
Precision+Recall = STPLFPIFN
TN
Specificity = ——
pecificity TN+ FP

2% (TP«TN — FN % FP)
(TP + FP)« (FP+TN)+ (I'P + FN)  (FN + TN)

Cohen’s kappa =

Role of ML models

According to Sendhil et al. [25], the application of these ML models provides an effective toolkit for
enhancing the accuracy and efficiency of AD detection. They not only streamline the diagnostic process
but also accelerate decision-making. For instance, GBM's iterative nature enables it to uncover nuanced
patterns associated with disease onset. LR offers a rapid and interpretable means of assessing risk based
on structured health data. SVM excels at classifying different risk levels through its robust decision
boundaries, while KNN provides a simple yet effective means of stratifying individuals based on cognitive
decline. Finally, RF, which consists of a set of DTs, improves diagnostic reliability by leveraging ensemble
learning to reduce overfitting and increase generalization. Collectively, these models contribute
significantly to the development of automated, data-driven systems capable of supporting clinicians in
the early identification of AD, ultimately aiding in timely intervention and improved patient outcomes.

The implementation of our models is divided into the following stages: 1) Data Preprocessing (which
comprises the following sub-steps: a) Checking data integrity, b) Dropping the unnecessary columns
“PatientID” and “DoctorInCharge” from the dataset, c) Normalizing the columns with MinMaxScaler, d)
Standardizing the columns with StandardScaler), 2) Splitting data into features (32 fields) and target (1
field of "Diagnosis"), 3) Splitting data, after shuffling, into training and testing sets (80% for training set
and 20% for testing one), 4) Leveraging the appropriate Classifier (which comprises the following
respective methods: a) Random ForestClassifier, b) k-Nearest Neighbors classifier, ¢) Support Vector
classifier, d) Logistic Regression classifier, e) XGBoost classifier, f) CatBoost classifier, g) MLP Neural
Network classifier), 5) Training the diagnosis model, 6) Saving the diagnosis model, 7) Inferencing by the
trained model (from X_test set predicting the equivelent Y_pred set), 8) Calculating the Confusion Matrix
from equivalent Y_test and Y_pred sets (deriving the terms TP, TN, FP and FN), 9) Composing the
Performance Indices through Confusion Matrix terms, 10) Hyperparameters tuning for optimizing the
performance of each classifier.
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For all classifiers, the sklearn module was used, except for the MLP NN classifier where the Keras API of
the TensorFlow platform was adapted.

The architecture of the MLP NN is illustrated in Figure 1.

Hidden
layer

32
var!a bles Possibility of
as input Alzheimer disease

50 nodes

FIGURE 1: Architecture of multi-layer perceptron neural network

More specifically this neural network consists of the following layers: i) a 32-node input layer with Relu
activation function, ii) a 50-node hidden layer with Relu activation function, and iii) an output layer with
a single node and a Sigmoid activation function. The neural network uses the Adam optimizer and the
‘binary_crossentropy’ loss function. This model was trained for 25 epochs and a batch size of 32.

The dataset of our study

The dataset of our study [22] contains medical, demographic, lifestyle, functional, and cognitive
information for 2,149 patients who may suffer from AD. An indicative part of this dataset is illustrated in
Figure 2.
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FIGURE 2: Indicative health records of our dataset

ADL, Activities of Daily Living; BMI, Body Mass Index; BP, Blood Pressure; HDL, High-Density Lipoprotein; LDL, Low-
Density Lipoprotein; MMSE, Mini-Mental State Examination

More specifically, this dataset includes the following fields:

1) Patient ID (identifier of each patient), 2) Age (ranges from 60 to 90), 3) Gender (0 for a male patient and
1 for a female), 4) Ethnicity (with indices 0: Caucasian, 1: African American, 2: Asian, 3: Other), 5)
Education Level (0: None, 1: High School, 2: Bachelor's, 3: Higher), 6) BMI (Body Mass Index, from 15 to
40), 7) Smoking (0: no smoking, 1: yes), 8) Alcohol Consumption (Weekly consumption in units, from 0 to
20), 9) Physical Activity (Weekly physical activity in hours, from 0 to 10), 10) Diet Quality (Diet quality
score, from 0 to 10), 11) Sleep Quality (Sleep quality score, ranging from 4 to 10), 12) Family History
Alzheimer's (Family history of AD, 0: No, 1: Yes), 13) Cardiovascular Disease (Presence of cardiovascular
disease, 0: No, 1: Yes), 14) Diabetes (Presence of diabetes, 0: No, 1: Yes), 15) Depression (Presence of
depression, 0: No, 1: Yes), 16) Head Injury (History of head injury, 0: No, 1: Yes), 17) Hypertension
(Presence of hypertension, 0: No, 1: Yes), 18) SBP (Systolic Blood Pressure, 90 to 180 mmHg), 19) DBP
(Diastolic Blood Pressure, 60 to 120 mmHg), 20) Cholesterol Total (Total cholesterol levels, 150 to 300
mg/dL), 21) Cholesterol LDL (Low-density lipoprotein cholesterol levels, 50 to 200 mg/dL), 22) Cholesterol
HDL (High-density lipoprotein cholesterol levels, 20 to 100 mg/dL), 23) Cholesterol Triglycerides
(Triglycerides levels, 50 to 400 mg/dL), 24) MMSE (Mini-Mental State Examination score, from 0 to 30), 25)
Functional Assessment (Functional assessment score, 0 to 10), 26) Memory Complaints (Presence of
memory complaints, 0: No, 1: Yes), 27) Behavioral Problems (Presence of behavioral problems, 0: No, 1:
Yes), 28) ADL (Activities of Daily Living score, 0 to 10), 29) Confusion (Presence of confusion, 0: No, 1:
Yes), 30) Disorientation (Presence of disorientation, 0: No, 1: Yes), 31) Personality Changes (Presence of
personality changes, 0: No, 1: Yes), 32) Difficulty Completing Tasks (Presence of difficulty completing
tasks, 0: No, 1: Yes), 33) Forgetfulness (Presence of forgetfulness, 0: No, 1: Yes), 34) Diagnosis (Diagnosis
status for AD, 0: No, 1: Yes), and 35) Doctor In Charge (code-name of doctor in charge, "XXXConfid" for
all).

As illustrated in Figure 2, each patient is identified by a numeric identifier, for data confidentiality
purposes. In addition, the 35th field of this medical dataset titled “Physician in Charge” displays the code
name “XXXConfid” for all patients, for the same privacy reasons.

The distribution of healthy persons along with the ones suffering from AD is shown in Table 1.
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Healthy Alzheimer's Disease Total
Number of Patients 1,389 760 2,149
% 64.7% 35.3% 100%

TABLE 1: Comparison of population characteristics: Healthy controls vs. Alzheimer’s disease

subjects

As seen in Table I, the dataset used in this study comprises a total of 2,149 samples, with 1,389 labeled as
healthy (64.7%) and 760 labeled as AD cases (35.3%). It should be noted that before utilizing the dataset,
we conducted data normalization and data standardization.
Additionally, the distribution of the dataset fields about Ethnicity, Gender, Education Level, Age, BMI, and
SBP is demonstrated in Tables 2-7.

Ethnicity Caucasian African American Asian Other

Number of Patients 1,278 454 206 21

TABLE 2: Distribution of 2,049 patients according to Ethnicity

Gender Male Female

Number of Patients 1,061 1,088

TABLE 3: Distribution of 2,049 patients according to Gender

Education Level None High School Bachelor Higher

Number of Patients 446 854 636 213
TABLE 4: Distribution of 2,049 patients according to Education Level

Age 60-69 70-79 80-90

Number of Patients 701 703 745
TABLE 5: Distribution of 2,049 patients according to Age

BMI Underweight (BMI < Healthy Weight (18.5 < BMI < Overweight (25.0 < BMI < Obese (BMI 2

18.5) 24.9) 29.9) 30)
Number of
, 297 534 433 875

Patients

TABLE 6: Distribution of 2,049 patients according to Body Mass Index (BMI)
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SBP (mm Hg):

Number of Patients

90-119 120-139 140-180

729 476 944

TABLE 7: Distribution of 2,049 patients according to average Systolic Blood Pressure (SBP)

Random Forest classifier
n_estimators parameter

Accuracy

k-Nearest Neighbors classifier

n_neighbors parameter
Accuracy

Support Vector classifier
Kernel parameter

Accuracy

Logistic Regression classifier

Solver parameter
Accuracy

XGB classifier
n_estimators parameter
Accuracy

CatBoost classifier
Learning rate parameter

Accuracy

In our study, in order to assess the probability of a patient who may suffer from AD, we implemented the
following methods: 1) RF by leveraging the RF classifier, 2) KNN by leveraging the KNN classifier, 3) SVM
by leveraging the Support Vector Classifier (SVC), 4) LR by leveraging the LR classifier, 5) GBMs, by
leveraging the XGBoost and the CatBoost classifiers, and 6) MLP NNs by leveraging the MLP classifier.

Results And Discussion
Parameterization

Initially, we thoroughly studied each classification method by simultaneously tuning some main
parameters of each classifier so as to optimize their performance. All experiments were based on the
performance index of accuracy, and they all are shown in a compact Table 8.

10 50 100 200 300 310 315
88.60 93.70 95.12 95.35 95.81 95.58 93.95
2 5 7 10 1 12 13 15 20
68.14 74.42 75.81 74.88 75.35 7712 77.44 75.58 74.88
linear rbf poly sigmoid
83.72 83.49 81.69 81.40
Ibfgs Newton-cg liblinear sag saga
84.42 84.42 83.95 84.42 84.42
2 3 4 6 8 10
94.42 94.65 95.35 95.58 95.35 95.35
0.09 0.0009 0.0009 0.00009
96.51 96.51 96.74 96.51

TABLE 8: Performance metric of accuracy, according to each classifier’s main parameter tuning

Hyperparameter tuning played a critical role in optimizing the performance of each classifier. For the RF
model (Table 8), increasing the number of DTs (n_estimators) from 10 to 315 led to a consistent
improvement in accuracy, culminating in the highest value of 95.81% at 300 trees. Beyond this point,
performance plateaued and slightly declined, suggesting overfitting or diminishing returns. Similarly,
XGBoost showed incremental performance gains with more estimators, achieving a peak accuracy of
95.58% at 6 n_estimators, beyond which no further improvement was observed. The CatBoost classifier
exhibited high stability across different learning rates, with 96.74% accuracy at a learning rate of 0.0009.

In contrast, the KNN model (Table 8) displayed more sensitivity to the n_neighbors parameter. Accuracy
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peaked at 77.44% with 13 neighbors, showing a general upward trend from smaller neighbor counts,
though with fluctuations, implying that model stability improves with increased neighborhood size but
may plateau or regress due to excessive smoothing. For the SVC, the parameter of kernel had a relatively
minor effect, with the linear kernel yielding the highest accuracy of 83.72%, followed closely by rbf, poly,
and sigmoid options, suggesting the linear kernel best aligns with the structure of the data in this case.

Finally, LR (Table 8) demonstrated robustness across solvers, with Ibfgs, Newton-cg, sag, and saga all
achieving 84.42% accuracy, indicating convergence to similar optimal solutions. Overall, the
hyperparameter tuning process confirms that methods like RF, XGBoost, and CatBoost are not only high-
performing but also sensitive to appropriate parameter selection, while traditional models show greater
stability but lower peak performance.

Furthermore, the accuracy curves of the MLP NN method are illustrated in Figure 5. As shown, this
classifier achieves 85.58% accuracy after about 25 epochs.

MLP

frain S

0.90 — fest

0.85

0.80

accuracy

0.75

0.70

0.65
0 5 10 15 20 25
epochs

FIGURE 3: The accuracy curves of the multi-layer perceptron (MLP)
neural network method

Performance of classifiers

The performance indices of all the classifiers we conducted are shown in Table 9.
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Classifiers Accuracy (%)

RF 95.81
KNN 77.44
svC 83.72
LR 84.42
XGB 95.58

CatBoost 96.74

MLP 85.58

Precision (%) Recall (%) F1score (%) Specificity (%) Cohen’s Kappa (%) ROC-AUC (%)

96.77 92.02 94.34 98.13 91.02 95.08
85.11 49.08 62.26 94.76 47.78 71.92
82.52 72.39 77.12 90.64 64.57 81.51
84.78 71.78 77.74 92.13 65.88 81.96
95.57 92.64 94.08 97.38 90.56 95.01
96.86 94.48 95.65 98.13 93.05 96.30
82.27 75.82 78.91 90.97 67.99 83.04

TABLE 9: Performance measures comparison of several classifiers

Bold values indicate the highest performance scores among all classifiers for each respective metric.

RF, Random Forest; KNN, K-Nearest Neighbors; SVC, Support Vector Classifier; LR, Logistic Regression; XGB, Extreme Gradient Boosting; MLP, Multi-Layer
Perceptron; ROC, Receiver Operating Characteristic; AUC, Area Under the Curve

The performance evaluation of the classifiers developed in this study reveals that ensemble learning
methods outperform traditional and neural classifiers across all key metrics, as demonstrated in Table 9.
The CatBoost model, which consists of an ensemble of decision trees, achieved the highest overall
accuracy (96.74%), along with superior precision (96.86%), recall (94.48%), F1-score (95.65%), specificity
(98.13%), Cohen’s kappa (93.05%), and ROC-AUC (96.30%), indicating excellent predictive power and
strong agreement with true class labels. The RF classifier closely followed, with an accuracy of 95.81% and
an F1-score of 94.34%, further demonstrating the efficacy of ensemble techniques. The XGBoost model
also performed comparably well, attaining an accuracy of 95.58%, F1-score of 94.08%, and ROC-AUC of
95.01%, reinforcing the consistency and robustness of gradient-boosted frameworks in classification tasks.
In contrast, traditional classifiers such as LR and SVC showed moderate performance, with accuracies of
84.42% and 83.72%, respectively, and F1-scores around 77%, suggesting limitations in capturing complex,
non-linear relationships in the data. MLP, as a representative of NNs, achieved 85.58% accuracy and an F1-
score of 78.91%, outperforming traditional classifiers but still trailing behind ensemble methods. The KNN
classifier demonstrated the weakest performance, with low recall (49.08%) and F1-score (62.26%) despite
relatively high precision (85.11%) and specificity (94.76%). Overall, the findings affirm that ensemble-
based models, particularly CatBoost and RF, provide the most reliable and generalizable solutions for the
classification task in this study, exhibiting high discriminative capability and stability across all evaluated
metrics.

e . Cohen’s ROC-
Accuracy . F1 score Specificity
Approach  Method o Precision (%) Recall (%) o o Kappa AUC
(%) (%) (%) . 9
(%) (%)
Suhé [23] Decision Tree Significant 93.4884
! variants (Scaler: MinMax) ’
RF Significant variants
né [23 A7 - - - - - -
Sufié [23] (Scaler: MinMax) 931783
Decision T ler:
SuAé [23] <.aC|S|on ree (Scaler 92,2481 ) ) ) ) ) )
MinMax)
Sufié [23] RF (Scaler: MinMax) 92.093 - - - - - -

Suné [23] RF (Scaler: Standard) 91.6279 - - S - - -

Decision tree (Scaler:

Sufié [23 91.6279 - - - - - -
ufié [23] Standard)
SVM Significant variants
Suié [23 88.9922 - = © = - -
ufié [23] (Scaler: MinMax)
SuAé [23] NN Significant variants 0866667 - ) ) } ) )

(Scaler: Standard)
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Sufié [23]

Sufié [23]

Sufié [23]
Sufié [23]
Sufié [23]
Sufié [23]
Sufié [23]
Sufié [23]
Balbal [24]
Balbal [24]
Balbal [24]
Balbal [24]
Balbal [24]
Balbal [24]

Balbal [24]

Sendhil et
al. [25]

Sendhil et
al. [25]

Sendhil et
al. [25]

Sendhil et
al. [25]

Sendhil et
al. [25]

Airlangga
[26]

Airlangga
[26]

Airlangga
[26]

Raghupathy
etal. [27]

Raghupathy
etal. [27]

Raghupathy
etal. [27]

Raghupathy
etal. [27]

Raghupathy
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KNN Significant variants

(Scaler: Standard)

LR Significant variants

(Scaler: Standard)

LR (Scaler: Standard)

SVM (Scaler: MinMax)

LR (Scaler: MinMax)

NN (Scaler: Standard)
SVM (Scaler: Standard)

KNN (Scaler: Standard)

XGBoost

RF

DT

AdaBoost

SVM

Gaussian Naive Bayes

KNN

RF

KNN

SVM

LR

GBM

MLP

Convolutional NN

Long Short-Term
Memory

GB (with Shapley

Additive Explanations)

LightGBM (with Shapley
Additive Explanations)

XGBoost (with Shapley
Additive Explanations)

LightGBM (without
Shapley Additive
Explanations)

XGBoost (without
Shapley Additive

86.1679

82.3256

81.7054

81.7054

81.3953

80.9302

80.9302

65.8244

95.35

94.12

91.33

89.78

83.59

76.47

75.54

92.79

92.56

49.30

48.14

45.35

84.41

0.8865

0.7557

96.91

95.11

94.88

94.88

94.65

91 (Precision — 0)
96 (Precision — 1)

0.90 (Precision —
0) 0.98 (Precision
=)

0.46 (Precision —
0) 52 (Precision —
1)

45 (Precision — 0)
51 (Precision — 1)

42 (Precision — 0)
49 (Precision — 1)

84.30

88.84

75.67

91.70

92.80

91.60

92.20

91.10

98 (Recall — 0)
0.83 (Recall —
1)

99 (Recall - 0)
82 (Recall - 1)

47 (Recall - 0)
52 (Recall — 1)

45 (Recall —
0) 51 (Recall
=9))

40 (Recall —
0) 50 (Recall —
1)

84.41

88.65

75.57

94.10

93.40

94.70

93.40

93.40

92 (Macro
Average F1-
score)

92 (Macro
Average F1-
score)

49 (Macro
Average F1-
score)

48 (Macro
Average F1-
score)

45 (Macro
Average F1-
score)

84.17

88.62

75.28

92.90

93.10

92.90

92.80

92.50

91.66

92.80

91.13

92.20

91.61

12 of 15


javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)

Cureus Journal of Computer Science

etal. [27] Explanations)

Raghupathy GB (without Shapley

94.64 91.10 94.10 92.60 91.08 - -
etal. [27] Additive Explanations)

Oncu [28] Artificial NN 87.08 88 87 87 - - -

TABLE 10: Competitors’ performance using the dataset

RF, Random Forest; SVM, Support Vector Machine; NN, Neural Network; KNN, K-Nearest Neighbors; LR, Logistic Regression; XGBoost, Extreme Gradient
Boosting; DT, Decision Tree; GBM, Gradient Boosting Machine; MLP, Multi-Layer Perceptron; GB, Gradient Boosting

Table 10 presents a comparative analysis of several ML models applied to the same dataset [22] as our
study, showcasing the performance metrics reported by various studies. The empty cells in the table
indicate performance fields where referenced studies do not cover. The models proposed in this work
consistently outperform existing approaches across multiple evaluation criteria. Raghupathy et al. [27]
reported the highest accuracy of 96.91% using GB by implementing data cleaning with shapley additive
explanations values; however, their F1-score (92.90%) and lack of ROC-AUC reporting limit
comprehensive comparison. Balbal [24] and Suné [23] also explored ensemble methods such as XGBoost
and RF, achieving accuracies up to 95.35% and 93.49%, respectively, but did not report other critical
metrics such as precision, recall, or F1-score, hindering a thorough performance assessment. Among
neural models, Airlangga [26] found convolutional NNs to outperform MLP and long short-term memory
architectures, with an accuracy of 88.65%, which remains below the performance of this study’s ensemble
models. Notably, the models by Sendhil et al. [25] demonstrated inconsistent results, with RF achieving
92.79% accuracy and a macro-average F1-score of 92%, whereas SVM, LR, and GBM models performed
poorly, with accuracies below 50%. Overall, we observe from Table /0 that all GBM models listed in four
similar publications showed significant performance indicators, and only in one of them did they lag
behind. Additionally, the comparison results indicate that the models developed in this work, particularly
CatBoost and RF, offer state-of-the-art performance, not only in accuracy but also in balanced
classification metrics such as precision, recall, F1-score, specificity, and ROC-AUC, thus establishing their
robustness and generalizability for the target prediction task.

Overall, by comparing the performance measures of all classifiers we implemented, we deduce that the
CatBoost classifier outperforms all the models, with the only exception of RF that achieves an equalizer in
the specificity index.

Conclusions

Estimating the probability of AD based on patients' medical and demographic information proved to be a
very powerful tool. The machine learning techniques we applied to predict AD demonstrated high
performance indicators. The CatBoost model achieved the highest overall accuracy (96.74%), along with
superior precision (96.86%), recall (94.48%), F1-score (95.65%), specificity (98.13%), Cohen’s kappa
(93.05%), and ROC-AUC (96.30%), indicating excellent predictive power and strong agreement with true
class labels. The RF classifier closely followed, with an accuracy of 95.81% and an F1-score of 94.34%,
further demonstrating the efficacy of ensemble techniques. The XGBoost model also performed
comparably well, attaining an accuracy of 95.58%, F1-score of 94.08%, and ROC-AUC of 95.01%,
reinforcing the consistency and robustness of gradient-boosted frameworks in classification tasks. In
contrast, traditional classifiers such as LR and SVC showed moderate performance, with accuracies of
84.42% and 83.72%, respectively, and F1-scores around 77%, suggesting limitations in capturing complex,
non-linear relationships in the data. MLP, as a representative of NNs, achieved 85.58% accuracy and an F1-
score of 78.91%, outperforming traditional classifiers but still trailing behind ensemble methods. The KNN
classifier demonstrated the weakest performance, with low recall (49.08%) and F1-score (62.26%) despite
relatively high precision (85.11%) and specificity (94.76%), indicating a strong tendency toward false
negatives and poor balance. Overall, the findings affirm that the models CatBoost and RF provide the most
reliable and generalizable solutions for the classification task in this study, exhibiting high discriminative
capability and stability across all evaluated metrics. It is finally concluded that the integration of machine
learning mechanisms in medicine provides an additional tool in the early diagnosis of AD and, thus,
contributes to the improvement of medical treatment or lifestyle interventions. In future work, we plan to
study the application of ML to other serious diseases. Furthermore, the machine learning diagnostic tool
of our study could be integrated in the future into a web-based server application, where clinicians could
operate the tool and generate diagnoses, through a suitable user interface.
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