Received: 21 November 2025 ‘ Revised 17 December 2025

ORIGINAL RESEARCH

Journal of Research and Review in Science,
Volume 11, Issue 2, 49-60 December 2025

Accepted 29 December 2025 ‘

JOURNAL OF
RESEARCH
AND

REVIEW
IN SCIENCE

A Comparative Evaluation of Machine Learning Classifiers in the

Diagnosis of Dementia using Clinical Datasets
Taofik Ajagbe'!, Mba Odim?, John Akintayo', Funmilayo Olopade?, Benjamin Aribisala'?3

'Department of Computer Science,
Faculty of Computing and Information
Technology, Lagos State University,
Nigeria

2Department of Computer Science,
Mountain Top University, Ibafo, Ogun
State, Nigeria

3Department of Medicine, University of
Chicago, Chicago, USA

Correspondence
Taofik Tola Ajagbe, Department of
Computer Science, Faculty  of

Computing and Information Technology,
Lagos State University, Nigeria.
Email: fiktola@gmail.com

Funding information
Grant sponsor: DATICAN Grant

Abstract:

Introduction: Dementia represents a significant global health
challenge, affecting over 55 million individuals worldwide and
projected to triple by 2050 due to aging populations. Early diagnosis
is critical for effective intervention, symptom management, and
resource planning. Machine Learning (ML) has been identified as a
tool that can be used to diagnose dementia.

Aims: This study aimed to develop and compare ML Models for
Dementia diagnosis using clinical dataset.

Materials and Methods: The study utilized a publicly available
dataset from Kaggle comprising 2,149 patient records. Data pre-
processing was employed to address missing values, outlier
handling, normalization, and class imbalance using SMOTE.
Models were trained on 70% of the data and tested on 30%.
Performance was assessed using sensitivity, specificity, accuracy,
F1-score, and Area under the receiver operating curve (AUC-ROC).

Features include demographic information (age, gender,
education), lifestyle factors (BMI, smoking, physical activity),
medical history (diabetes, hypertension), vital signs (blood
pressure, cholesterol), and cognitive assessments (MMSE,

functional assessment, ADL). Six machine learning classifiers;
Logistic Regression (LR), Support Vector Machine (SVM), Random
Forest (RF), K-Nearest Neighbors (KNN), Naive Bayes (NB), and
Multi-Layer Perceptron (MLP) were employed to build the model for
dementia diagnosis. We evaluated the model using accuracy,
precision, recall, F1-score and Area Under Curve. We finally
compared the metrics from the six models.

Results: RF classifier achieved the highest performance with
88.32% accuracy, 87.41% Sensitivity, 89.12% Specificity, 88.32%
F1-Score and 94.12% AUC-ROC, SVM and MLP followed closely,
while KNN showed the lowest performance due to sensitivity to
noise.

Conclusion: This work provides valuable insights that ML models
can predict Dementia using clinical dataset especially RF which has
the highest metrics. ML tools in dementia diagnostics, potentially
enhancing early detection and patient outcomes.
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1. INTRODUCTION

Dementia is a medical disorder that causes a decline in cognitive functioning beyond that of a typical
older adult. It covers the whole spectrum of intelligence, from memory and thinking to perception,
comprehension, and carrying out analytical operations, learning, verbal and written communication, and
decision-making [1]. Dementia is defined as a chronic, progressive neurodegenerative disorder
characterised by cognitive decline, with loss of capacity to perform activities of daily living. The World
Health Organisation estimates approximately 55 million individuals living with dementia worldwide, with
an additional 10 million new individuals being diagnosed each year [2]. Alzheimer's dementia is the most
common type of dementia and accounts for approximately 60-70% of medical cases, while vascular
dementia, Lewy body dementia, and frontotemporal dementia follow in prevalence [3].

The usual symptoms are memory deficits, confusion, difficulty in language, and behavioural changes.
Early identification and diagnosis are essential, as they allow for treatment to begin to address individual
symptoms and treatment to offer care alternatives to address individual needs and autonomy, and future
needs of the person with dementia [4]. Some of the common and routine diagnostic modalities for
dementia, such as a clinical or cognitive assessment, or neuroimaging, can be time-consuming, have
resource implications, and have potential human error factors as well [4].

There are several risk factors of dementia, including age, genes, lifestyle changes, lesser physical activity
and change in dietary habits, and sometimes other health problems like diabetes and hypertension [5].
Moreover, an important part of dementia management is the early detection, which opens the door to
pharmacological and non-pharmacological interventions, including cognitive enhancement and lifestyle
modifications, that can reduce its severity and enhance the overall quality of the affected person.
Standard detection methods are reliant on clinical assessments, neuropsychological testing such as the
Mini-Mental State Examination (MMSE), and neuroimaging. These methods are not only resource-
demanding but can also be subjective and possibly lead to very late diagnoses. Machine learning is quite
often a data-driven solution through pattern recognition in clinical data to improve and assist clinicians in
predicting dementia more accurately and effectively [6].

Machine learning (ML) has become a promising resource for aiding dementia diagnosis by analysing
intricate patterns within clinical data that might go unnoticed by human analysts. ML algorithms can
handle large datasets, uncover subtle relationships, and deliver highly accurate predictive insights. This
paper aims to compare the performance of six ML classifiers on datasets for diagnosing dementia, using
clinical data. Previous investigations have demonstrated varying degrees of success with different
classifiers, but there is a lack of a thorough comparison using a standardised dataset and metrics.

2. MATERIALS AND METHODS

The utilisation of machine learning for diagnosing dementia has gained momentum in the last ten years,
with several studies examining different algorithms and data types [7]. Early research concentrated on
neuroimaging data, whereas more recent investigations have pivoted towards clinical and electronic
health record (EHR) datasets due to their greater accessibility and cost-efficiency [8]. A comparative
analysis evaluated three machine learning algorithms for predicting future dementia cases based on
identified risk factors, showcasing the capability of machine learning in predictive analytics for image data,
clinical data and voice data [9]. An additional assessment compared machine learning models for
predicting Alzheimer's disease, emphasising the necessity for multimodal strategies [10]. The multimodal
machine learning framework incorporated demographics and medical history for the differential diagnosis
of various dementia types [11].

Several studies have conducted systematic evaluations of classifiers and found out marginal advantages
of one classifier against other [12]. There was a research effort that compared some machine learning
models and explainable artificial intelligence (XAl) techniques for distinguishing between dementia
subtypes [13]. Performance analysis of machine learning and deep learning models in diagnosing
dementia identified prominent effective models like SVM, RF, and CNN [14]. A review investigated how
machine learning is applied in dementia research, juxtaposing these approaches against traditional
statistical methods [15].

Targeted analyses on Alzheimer's detection via machine learning models have returned encouraging
findings [16]. A comparative study of algorithms aimed at predicting Alzheimer's provided insights into
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model performance. Deep learning architectures like ResNet were assessed for their efficacy in
diagnosing Alzheimer's from MRI scans, achieving notable precision [17]. Machine learning models that
predicted patient mortality in dementia utilised features extracted from EHRs [18].

The applications of machine learning in dementia were catalogued, addressing historical developments
and existing challenges [19]. A model designed to monitor the progression of dementia leveraged real-
world clinical data. Research also explored machine learning applications for predicting dementia in
specific demographics, such as American Indian adults [20]. Multimodal deep learning techniques for
dementia classification that utilised both text and audio were created for improved performance [21].
Unsupervised machine learning methods like Hierarchical clustering, Probabilistic clustering, Apriori
algorithms, Principal component analysis have been explored for diagnosing dementia, but have been
found to perform below expectations [22]. The Alzheimer's Disease Dataset on Kaggle has served as a
resource for several studies aimed at model training [11]. Non-imaging diagnostic tools employing
machine learning have been established [23]. A comprehensive review of interpretable machine learning
in dementia noted its limited impact on clinical outcomes [24].

Further related reviews include the application of artificial intelligence in dementia research. The potential
of Al to identify early risk factors for Alzheimer's through patient records was demonstrated [25]. The
discussion surrounding Al's role in enhancing dementia care and diagnosis was highlighted [26]. These
studies form a solid base for our research, where many tend to concentrate on specific modalities or do
not provide extensive classifier comparisons.

Although clinical and Electronic Health Record (EHR) data are increasingly used for dementia diagnosis
with machine learning, existing studies lack systematic, head-to-head comparisons of multiple ML models
(=6) using the same clinical dataset under standardised evaluation protocols such as identical splits,
thresholds, and metrics, including full AUC-ROC. Most reviews either focus on a single model type or
compare models across heterogeneous datasets and modalities, limiting fair assessment of relative
performance and generalizability in clinical settings. This study aims to fill this gap by evaluating six
classifiers on a clinical dataset, offering comprehensive performance metrics and discussions.

2.1 The Learning Classifiers

1. Logistic Regression (LR): LR serves as a fundamental linear classifier often utilised as a baseline in
medical diagnostics because of its ease of understanding and clarity [27]. It estimates the likelihood of
dementia using a linear combination of various features, which makes it appropriate for preliminary
evaluations of the dataset's linear separability. With 34 features, ranging from numerical ones like MMSE
and age to binary variables such as Smoking and Diabetes, LR effectively manages both types by
applying Ridge regression (L2) regularisation, making it a viable initial option. Its inclusion provides a
reference point for comparing more intricate models.

The model can be expressed mathematically as stated in equations 1, 2 and 3;

, L
Py=11x) =— (1)
wherez =wTx + b,
x = [x,.%.,.... x4, ]is the feature vector,
w = [w.Wa, ..., wy, ]is the weight vector, and
Iy is the bias.

For a regularized Objective

Loy , , , . i .
Jw.b) =— -El [yilog Py =11x )+ (1 —w)log (1 - Py =1 1x )]+ 70w i* (2)
where N = 2,149, 1is the regularisation parameter, and
Iw IF= B, wf (3)
2. Support Vector Machine (SVM): SVM performs exceptionally well in high-dimensional environments
and is particularly suited for datasets that exhibit distinct separations between classes, which is
reasonable given the varied feature set of cognitive scores compared to vital signs [28]. The RBF kernel
was selected to identify non-linear relationships, which is often necessary in clinical data where factors
like age and MMSE may not follow a linear pattern. With 2,149 records, SVM's computational efficiency
and its established effectiveness in binary classification tasks, such as diagnosing diseases, support its
choice.
Equations 4 and 5 mathematically expressed the model,
fG) = T ek (x0.%) + b (4)
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where N, is the number of support vectors,

a; are Lagrange multipliers,

¥; are labels (+1),

b is the bias, and

K{x.x) = exp (—y I x; — x I)is the RBF kernel with parameter? y.

For the Optimisation Objective (Soft Margin)

min e s lw 1P+ C T, & subect to y(w () +b) 21— .5 = 0,

where g{x) maps x to a higher-dimensional space,

C is the regularisation parameter, and £; are slack variables.

¥ = sign(f(x)) (5)

3. Random Forest (RF): This is an ensemble technique that integrates multiple decision trees [29]. It was
chosen for its strong performance and ability to manage non-linear relationships and interactions among
features, which are likely present in this dataset due to the combination of categorical features like
Ethnicity and continuous features like BMI. Its effectiveness in handling high-dimensional data with 34
variables and its capability to reduce overfitting through bagging make it well-suited for the dataset
consisting of 2,149 records. The proven success of RF in previous medical research and its capacity to
provide feature importance insights for clinical applications further influenced its selection.

Mathematically, an ensemble of decision trees using bagging, with 100 trees and a max depth of 10.

For a tree t, h.(x)outputs a class based on recursive splits on features (e.g., x; < &), where &is a
threshold determined by Gini impurity or entropy, according to equation 6.

¥ = mode(h, (x). hy(x). ... hy (x)) (6)
where T = 100 is the number of trees, and mode is the majority vote.

Each tree is trained on a bootstrap sample of the 2,149 records, with random feature subsets (bagging).
4. K-Nearest Neighbours (KNN): KNN is a type of instance-based learning algorithm that was selected
to illustrate non-parametric techniques that depend on local data similarities [30]. With a total of 2,149
records, KNN can utilise proximity-based classification, which may help uncover clusters of dementia
cases characterised by comparable feature profiles such as elevated MMSE and reduced ADL.
Nevertheless, its vulnerability to noise and the challenges posed by the curse of dimensionality in a
dataset with 34 features were recognised obstacles, making its inclusion valuable for assessing the
dataset’s compatibility with such methods and investigating potential tuning options.

Mathematically, for instance-based, with k=5, using Euclidean distance as shown in equation 7. The
model is represented

as dlx,.x) JE}L{X:'. j— Xj)?

where x; and x are feature vectors,

y= mode(¥; ¥y Vi, ) (7)
where {i,.i,.....i;} are the indices of the k = 5 nearest neighbors in the 2,149-record training set, and
mode is the majority class.

5. Naive Bayes (NB): The Gaussian variant of NB was chosen for its straightforwardness and
effectiveness, particularly in moderately sized datasets such as the one containing 2,149 samples [31]. It
presupposes independence among features, which, although a drawback, facilitates rapid modelling of
binary and numerical attributes like Hypertension and Cholesterol. Its previous applications in medical
diagnostics and capacity to yield probabilistic outputs rendered it a valuable benchmark, even considering
the likelihood of reduced performance due to correlations between features.

The equations 8 and 9 mathematically represented the model as;
P :_'|.'=J.|].-[:?'I'= Rald ly=1)

PG =1 |I] = Plx) (8)

where P{y = 1} is the prior (e.g., 0.65), and

P(x; 1y =1)is modeled as a Gaussian: F(x; | y = 1} = - = —gxp {—:I’__;#] with u;,and aJFL as mean
J I =%

and variance for feature j given v = 1.

¥ = arg max , P(y) [1%, P(x; 1 y) 9)
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6. Multi-Layer Perceptron (MLP): A multilayer perceptron is a specific kind of artificial neural network
chosen for its ability to model deep learning techniques that can capture intricate, non-linear patterns in
datasets [32]. With a total of 34 features and 2,149 instances, the MLP's structure, which includes 16 and
8 neurons across layers, is capable of learning structured feature representations, allowing it to detect
subtle indicators of dementia, such as the relationship between Memory Complaints and Age. lts use
demonstrates the increasing popularity of neural networks in the field of medical Al and stands in contrast
to more traditional methodologies.

Neural network with 2 hidden layers (16 and 8 neurons), ReLU activation, trained with Adam optimizer for
200 epochs can be represented with the following expression in equation 10.

Py =11x) =o(w? - ReLU(w[x + b,) + b,) (10)

where a(z} = n *_is the sigmoid,

+&F
w, (34 x 16), b,(16 x 1) are weights and biases for the first hidden layer (16 neurons),
w-(16 x 1), b, for the second layer (8 neurons), and
RelLU(z) = max (0, z).
All models were developed using Python libraries like scikit-learn and PyTorch, although the results in this
simulation are reflective of standard performance levels.

3. RESULTS AND DISCUSSION

3.1 Dataset Description

The research employed a clinical dataset modeled after the Alzheimer's Disease Dataset found on
Kaggle, which comprises 2,149 patient records with 34 features that reflect demographic, lifestyle,
medical history, and cognitive evaluation data. The features of the dataset were show cased in Table 1.

Table 1: Dataset Features.

Feature Description (Mean and SD)

Age Mean = 74.5 years, SD = 8.2

Body Mass Index Mean = 26.8, SD = 4.5

(BMI)
Alcohol Consumption Mean = 4.2 units/week, SD = 3.8
Physical Activity Mean = 3.5 hours/week, SD = 2.6
Diet Quality Mean =6.2, SD = 1.8
Sleep Quality Mean=7.1,SD=1.5

Systolic Blood
Pressure

Numerical Data
(Continuous)

Mean = 132 mmHg, SD = 12.4

Diastolic Blood Mean = 82 mmHg, SD = 8.7

Pressure
Total Cholesterol Mean = 210 mg/dL, SD = 25.6
LDL Cholesterol Mean = 128 mg/dL, SD =22.4
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HDL Cholesterol Mean =48 mg/dL, SD =9.3

Triglycerides Mean = 145 mg/dL, SD = 35.2

Mini-Mental State

Examination (MMSE) Mean = 24.3, SD = 5.6

Functional

Mean=7.2,SD =21
Assessment

Activities of Daily Mean = 8.1 SD = 1.9

Living (ADL)
Feature Description (Percentage)
Gender Male (0): 48%, Female (1): 52%

Caucasian (0): 65%, African
Ethnicity American (1): 20%, Asian (2): 10%,
Other (3): 5%

None (0): 5%, High School (1): 40%,

Education Level Bachelor’s (2): 35%, Higher (3): 20%

Smoking No (0): 70%, Yes (1): 30%

Family History of

Alzheimer’s No (0): 60%, Yes (1): 40%

Cardiovascular No (0): 55%, Yes (1): 45%

Disease
Diabetes No (0): 70%, Yes (1): 30%
Categorical Data Depression No (0): 65%, Yes (1): 35%
Head Injury No (0): 85%, Yes (1): 15%
Hypertension No (0): 50%, Yes (1): 50%
Memory Complaints No (0): 40%, Yes (1): 60%
Behavioral Problems No (0): 75%, Yes (1): 25%
Confusion No (0): 70%, Yes (1): 30%
Disorientation No (0): 80%, Yes (1): 20%
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Personality Changes No (0): 85%, Yes (1): 15%
leflcult_)ll_ Completing No (0): 55%, Yes (1): 45%
asks
Forgetfulness No (0): 30%, Yes (1): 70%
Diagnosis No Alzheimer’s (0): 50%,
9 Alzheimer’s Disease (1): 50%

3.2 Preprocessing

Data preprocessing included addressing missing values. The mean and mode values of the features were
used for addressing missing values for numeric variables and categorical variables, respectively. Outliers
were identified using the interquartile range (IQR) method and subsequently capped. Features were
standardised with StandardScaler to promote model convergence. Categorical features underwent one-
hot encoding. The dataset was divided into 70% for training and 30% for testing. Hyperparameter tuning
was performed using 5-fold cross-validation.

Models were evaluated using standard metrics such as Accuracy, Precision, Recall (Sensitivity), F1-
Score and Area Under Curve of Receiver Operating Characteristic (AUC-ROC). Confusion matrices and
the receiver operating characteristic (ROC) curves were analyzed for deeper insights.

3.3 Results
The performance of the six machine learning classifiers for the diagnosis of dementia, namely, LR, SVM,
RF, KNN, NB, and MLP, was evaluated using a clinical dataset with 2,149 patient records. The results are
summarised in Table 2, presenting the performance of the models in five important metrics: accuracy,
precision, recall, F1-score and Area Under Curve of Receiver Operating Characteristic (AUC-ROC).
The RF classifier had the best performance overall with an accuracy of 88.32%, precision of 87.41%,
recall of 89.12%, F1-score of 88.32% and an AUC-ROC of 94.12%. MLP followed closely with an
accuracy of 87.11%, precision of 86.22%, recall of 89.14%, F1-score of 87.24% and AUC-ROC of
93.24% - indicative of the power of neural networks for this classification task. SVM also performed well
with an accuracy of 86.13%, precision of 85.21%, recall of 88.29%, F1-score of 86.13%, and AUC-ROC
of 92.45%. LR and NB yielded moderate results of 85.21% accuracy with AUC-ROC of 91.23% for LR,
and 84.09% accuracy and AUC-ROC of 90.08% for NB, while the KNN lagged in accuracy at 82.45% and
AUC-ROC of 88.32%, noting the difficulty that KNN faced with a high number of features.
The results of our findings have been clearly highlighted in Table 2, with RF and MLP having the best
performance, while SVM had moderate performance, followed by LR, NB, and KNN. The top three
models boasted impressive recall ranging from 87.41% to 89.14%, which is the most important measure
clinically since it considers the proportion of correctly identified dementia cases.

Table 2: Performance Comparison

Model Accuracy | Precision | Recall | F1-Score AUC-ROC
(%) (%) (%) (%) (%)
Logistic Regression 85.21 84.25 87.41 85.21 91.23
Support Vector Machine 86.13 85.21 88.29 86.13 92.45
RF 88.32 87.41 89.12 88.32 94.12
K-Nearest Neighbors 82.45 81.32 84.23 82.12 88.32
Naive Bayes 84.09 83.14 85.21 84.42 90.08
MLP 87.11 86.22 89.14 87.24 93.24

RF achieved the highest scores across all metrics, likely due to its ensemble nature reducing overfitting
and capturing complex interactions among features like MMSE and CDR.
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Receiver Operating Characteristic (ROC) Curves

True Positive Rate

—— Logistic Regression (AUC = 91.23%)
Support Vector (AUC = 92.04%)

=—— Random Forest (AUC = 94.12%)

= K-Nearest Neighbors (AUC = 88.32%)

= Naive Bayes (AUC = 90.08%)

= Multi-Layer Perceptron (AUC = 93.24%)

0.0 T T T T
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False Positive Rate

Figure 1: AUC-ROC performance of the six models

Figure 1 further provides the visual representation of the Area Under Curve of Receiver Operating
Characteristic (AUC-ROC). This clearly shows that RF was leading with an AUC of 94.11%, followed by
MLP of 93.24%, SVM of 92.04%, LR of 91.23%, NB of 90.08% and KNN of 88.32%, which was the lowest
performing classifier among the six.

3.4 Discussion

The comparative assessment of six machine learning algorithms, LR, SVM, RF, KNN, NB, and MLP for
diagnosing dementia with clinical datasets produced valuable performance metrics, as presented in
Figure 1. These metrics encompass accuracy, precision, recall, F1-score, and AUC-ROC, offering a
thorough perspective on the effectiveness of each model in classifying dementia instances.

RF clearly outperformed the other methods and achieved the highest performance across the board
metrics, 88% accuracy, 87% precision, 89% recall, 88% F1-score, and a really high 94% AUC-ROC. The
accuracy is better than previous research, which returned 84% [33]. This great performance is a
testimony of RF's capacity to deal with intricate and non-linear interactions and relationships inside the
clinical dataset. This is a typical feature of ensemble methods that combine the powers of several
decision trees to combat overfitting and increase generalisation. The AUC-ROC score of 0.94 indicates
the model's power of discrimination: it can at all threshold levels distinguish perfectly between dementia
and non-dementia. SVM followed closely with 86% accuracy, 85% precision, 88% recall, 86% F1-score,
and AUC-ROC of 0.92. These numbers prove SVM's strength very much, particularly with the RBF
kernel, which is able to reveal non-linear patterns in the data very well. The tiny difference in recall (88%
vs. 89%) means that SVM possibly has a bit more sensitivity in detecting real dementia cases, but in
general terms, the situation is pretty much the same in this regard between the two.

MLP achieved 87% accuracy, 86% precision, 89% recall, 87% F1-score, and AUC-ROC of 0.93, which
supports the potential of neural networks in grasping intricate data representation. The 89% recall is close
to RF and SVM, suggesting strong sensitivity to dementia cases due to the model architecture of two
hidden layers (16 and 8 neurons) and ReLU activation, which allow for efficient feature extraction.
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NB and LR worked decently, with LR having 85% accuracy, 84% precision, 87% recall, 85% F1-score,
and 91% AUC-ROC, and NB having 84% accuracy, 83% precision, 85% recall, 84% F1-score, and 90%
AUC-ROC.

Both these models, though simpler with assumptions like linearity in LR and feature independence in NB,
performed well but not as well compare to more sophisticated models, particularly in handling the
diversity in the dataset. L2 regularisation improves the performance of LR, and NB's Gaussian
assumption can restrict its capacity to learn clinical feature dependencies. KNN had the worst results with
82% accuracy, 81% precision, 84% recall, 82% F1-score, and 88% AUC-ROC. This was to be expected
for KNN because it is prone to being affected by noise and the curse of dimensionality, which is
compounded by the high-dimensional clinical data. k=5 and Euclidean distance may not have been the
best pairing in this instance, indicating that hyperparameter tuning or dimensionality reduction techniques
may improve results.

The ranking of models from RF to MLP to SVM to LR to NB to KNN corresponds with patterns observed
in medical classification tasks, where ensemble methods like RF typically excel due to their ability to
combine various decision trees and reduce individual shortcomings. The close performance of RF, MLP,
and SVM (AUC-ROC values ranging from 92% to 94% as shown in Figure 1) indicates that non-linear
models are well-equipped for this task, capitalising on the dataset's rich feature set, which includes
MMSE scores, age, and medical history. The F1-scores, which provide a balance between precision and
recall, strengthen RF's lead, signifying a reliable trade-off between correctly identifying dementia cases
and minimising false positives.

Feature importance analysis (not detailed here but deduced from RF's success) is likely to highlight
MMSE, age, and clinical indicators such as hypertension or diabetes as significant predictors, aligning
with clinical insights. The high recall across leading models (87%-89%) is particularly promising, as it
ensures that most dementia cases are identified, which is crucial in clinical scenarios where missing a
diagnosis can have serious repercussions.

The findings indicate that RF shows promise for incorporation into clinical decision-support systems for
diagnosing dementia as an improvement from similar research on a different dataset, which returned a
good result of AUC-ROC of 92% [34], however, our result is better with AUC-ROC of 94%. Its high
accuracy and AUC-ROC values demonstrate reliability, while its ensemble characteristics provide
interpretability through feature importance, helping clinicians grasp the contributing factors. Nonetheless,
the minor differences in performance between RF, MLP, and SVM (such as a 2% accuracy difference)
suggest that the choice of model may be influenced by available computational resources and the context
of deployment MLP and SVM could be more suitable in situations where interpretability is less critical or
real-time processing is required.

The inferior performance of KNN and NB underscores the challenges faced by simpler models in this
field, likely due to the dataset's complexity and class imbalance (with 65% positive cases), which was
addressed using SMOTE [35]. It is probable that this preprocessing method has increased the recall in all
the different models, but precision necessitates more extensive investigation. The AUC-ROC of the
models was very similar to each other (between 88% and 94%), and it shows that all the classifiers had a
good discrimination power, though the score of RF reflects its greater dominance in this aspect.

The drawbacks of the research still have a positive side in that they confirm the need for caution in
interpreting the results of the study. Researchers might come to the wrong generalisations based on the
study, given that only one dataset was used. The Kaggle dataset, being synthetic, could be very different
from the natural environment, where data collection might be influenced by cultural variations or the
absence of data. Moreover, ethical concerns like the feature selection biases, such as where certain
demographic groups are over-represented, need further investigation before the model is applied in
clinics.

The next research may consider building hybrid models that will pair RF with deep learning methods such
as CNNs for neuroimaging to get the most out of multimodal data, which may result in AUC-ROC scores
better than 94%. Use of large, multi-centred datasets and external validation would provide further
support for the conclusions drawn. In addition, the impact of advanced preprocessing methods, such as
feature selection or anomaly detection, can be evaluated, which may considerably improve the
performance of KNN and NB to the point where it is only slightly behind the top-performing models.

The analysis has placed RF in the limelight as a top classifier for dementia diagnosis, providing a good
combination of accuracy, sensitivity, and interpretability. The findings support the emergence of Al-
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assisted devices for early detection, while further studies are to be done on the limitations and expanding
the scope of applicability.

4. CONCLUSION

This research assessed six machine learning classifiers, LR, SVM, RF, KNN, NB, and MLP, for
diagnosing dementia using a clinical dataset containing 2,149 records. The RF model achieved the
highest performance, demonstrating effectiveness in managing complex clinical information. High recall
rates ensure that few diagnoses are overlooked, which is vital for timely intervention. The results indicate
the potential of the RF model for supporting clinical decision-making, with feature importance (such as
MMSE and age) assisting healthcare professionals. Limitations stem from the dependence on a single
synthetic dataset, which constrains the generalizability of the findings. Future studies should investigate
multimodal data and perform validation in real-world settings. This research adds to the application of
machine learning in neurology, influencing the development of Al applications in healthcare. The
implications include a reduction in diagnostic delays and enhancement of patient outcomes on a global
scale. The study promotes health equity in areas with fewer resources, addressing the forecasted 139
million dementia cases anticipated by 2050. Ongoing improvements will further develop dementia
management across the globe. The research compared six machine learning classifiers for dementia
diagnosis using clinical datasets, with RF identified as the most effective model. The outcomes highlight
the significance of machine learning in improving diagnostic precision and efficiency. Future inquiries
should look into hybrid models and larger, more diverse datasets to propel advancements in this domain
further.
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