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Abstract: Among elderly individuals, among the most common causes of memory loss is Alzheimer's disease (AD). Also, a sizeable
amount of individual’s worldwide experience metabolic issues including diabetes and Alzheimer's disease. Degenerative brain changes
are brought on by Alzheimer's disease. This sickness can make more people inactive as the older population increases since it affects
their cognitive and physical capabilities. Their relatives as well as the financial, industrial, and social sectors may be affected by this. To
identify these illnesses sooner, researchers have recently looked into several deep learning, machine learning, and other methodologies.
AD individuals can recuperate from this completely while experiencing the least amount of harm by receiving early treatment and timely
detection. The model's quality is determined by means of reliability, precise, recall, and F1-measure using the freely accessible series of
maging modalities (OASIS) dataset. Our results demonstrated that with the AD dataset, the voting classifier had the highest prediction
performance of 95%. As a result, with precise identification, Forecasting models have the ability to significantly cut the yearly incidence
and mortality from Alzheimer's disease.

Keywords: Machine Learning, Alzheimer’s, Voting, kNN, DT, XG boost, CBIR technologies, Correlation-based Feature Selection, Open
Access Series of Imaging Research (OASIS), MMSE

1. Introduction

Alzheimer's disease frequently starts out with minor
memory issues that get worse over age, impairing brain
function. Although the precise origin of Alzheimer's
disease is not entirely understood, a number of factors,
including ageing, genetic susceptibility, untreated clinical
depression, exercise habits, severe neck injury, and
sustained hypertension, are believed to be contributing to
its progression. A individual might experience ongoing
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forgetting in the beginning stages of Alzheimer's disease, Fagtl)srlg of
which is  strikingly  different  from  ordinary AD

unconsciousness shown in Figure 1. Everyone eventually
forgets things, but in the beginning phases of the dementia,
a person’'s brain function slowly and steadily deteriorates,
making it challenging to acknowledge daily chores. Early
on, bewilderment is also typical, and a person could lose
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track of what they have been doing or just what they '

planned to do.

As previously said, choosing the appropriate features that
indicate traits helpful to distinguishing between AD, MCI,

Fig. 1. Factors of Dementia
and NC remains difficult recently, AD or MCI were g

determined using an interactive medical picture By integrating CBIR technologies, that enable members to
classification system and concept-based image retrieval instantaneously evaluate the information of a search query
tools. [3]. against such a database, combine computerized diagnostic

image different classifiers with the experience and
knowledge of physicians’ aid in obtaining accurate
categorization outcomes. Similar to how categorization is
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used as a reference for retrieval, massive databases are
taken into account to improve picture retrieval
performance and timeliness.
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The method of retrieving a picture generally consists of
two main steps: the first stage develops this phase 2
matches these newly formed features to those already
listed in the library. The first stage creates features that
correspond to a specific input image. The critical challenge
is to use various image processing and operation methods
to find an acceptable representation of the image content.
Additionally, it’s crucial to have sufficient distributional
spacing between the features.

1.1 Contribution

Emerging approaches in machine learning for identifying
Alzheimer's  Disease  (AD) using classification
methodologies have made significant contributions to the
field. These approaches leverage the power of machine
learning algorithms to analyze large datasets from the
Alzheimer's Disease Neuroimaging Initiative (ADNI) and
accurately classify individuals as either AD patients or
healthy controls.

One major contribution is the development of novel feature
extraction techniques that capture relevant information
from various data sources, such as neuroimaging scans,
genetic data, and clinical assessments. These features
provide valuable insights into the underlying patterns and
biomarkers associated with AD, enabling classification that
is more accurate.

Additionally, researchers have explored different
classification algorithms, including support vector
machines, random forests, and deep learning models, to
improve the accuracy and robustness of AD classification.
These algorithms are trained on labeled data from ADNI,
allowing them to learn patterns and make predictions on
new, unseen data.

Overall, the emerging approaches in machine learning for
identifying Alzheimer's Disease using classification
methodologies have the potential to revolutionize early
detection and diagnosis. By accurately identifying
individuals at risk of developing AD, these approaches can
facilitate timely interventions and improve patient
outcomes.

2.Related Work

With the help of numerous biomarkers that have been
proposed, examined, and studied, A powerful medical
imaging method for detecting AD is structural MRI. A
critical area of research in this area now centers on the
extraction of effective structural Magnetic resonance
biomarkers of AD [[9], [10], [11]]. Volume is typically
utilized as a biomarker in the diagnosis of numerous
diseases, not solely from the hippocampal but also from
other regions of interest (ROI), which have also been
investigated, like the ventricular contraction [15], the
cortex [14], and the complete brain [16]. Architectural

studies, such as cortical width measurement [17, 18], form
[4, 5], surface [19, 20], and closeness of neural systems
[6], are another type of universal biomarker for the
identification of AD. When examining several MRI the
standard benchmark data would indeed be required for
methodology comparisons, biomarkers for Clinical
examination, understanding the performance of different
biomarkers, and understanding the connections between
them.

Based on structural MRI measures, medical image retrieval
for AD has been investigated [3,12]. The primary goal of
this effort was to recover image retrieval performance with
the least amount of attributes. The Correlation-based
Feature Selection (CFS) algorithm was used to filter out
any inappropriate, potentially noisy, and unnecessary
information from the feature set, which contained
assessments of the brain's volume and thickness. Other
research [1, 2] investigated at the Open Access Series of
Imaging Research (OASIS) dimensions and breadth
estimates of the brain's anatomy.

3. System Methodology
3.1 Data set

There are 150 people in this dataset, whose ages range
from 60 to 96. Each issue was scanned twice or more, with
at least a one-year interval between scans, for a total of 373
imaging sections. For each patient, three or four different
T1-weighted MRI scans performed in a single scan session
are shown. Both for men and women, as well as all of the
subjects, are right-handed. 72 of the participants in the trial
were labelled as non-demented throughout. At the time of
their initial visits, 64 of the study's subjects were deemed
to be mentally ill. For subsequent scans, they persisted,
including in 51 cases with soft to moderate Alzheimer's
ailment. Another 14 subject were first categorised as non-
demented but were later categorised as demented.

3.2 MRI pre-processing

Preprocessing is a pivotal step in the quest to identify and
detect Alzheimer's disease, encompassing a range of
techniques tailored to different data modalities. These steps
may include skull stripping to remove non-brain tissues,
spatial normalization to align images into a standardized
anatomical space, and intensity normalization to correct for
variations in scanner settings or image acquisition
protocols. By standardizing and enhancing the quality of
neuroimaging data, preprocessing facilitates the extraction
of meaningful features and patterns that can be used to
distinguish between healthy individuals and those with
Alzheimer's disease.

Furthermore, clinical data, including cognitive assessments
and demographic information, are vital sources of
information  for  Alzheimer's  disease  detection.
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Preprocessing clinical data involves tasks such as feature
extraction to capture relevant cognitive measures or
demographic variables, data cleaning to address
inconsistencies or missing values, and normalization to
scale features to a common range. By preprocessing
clinical data, researchers and clinicians can uncover
valuable insights into the cognitive decline associated with
Alzheimer's disease and develop predictive models capable
of identifying individuals at risk or tracking disease
progression over time.

Extraordinary data combinations, misplaced values, and
superfluous in sequence can be found in datasets,
producing false findings. Therefore, the data’s quality must
be raised before performing an analysis. The dataset was
obtained via ADNI and then further processed using Free
Surfer. Finally, using Free Surfer, we gathered raw data for
66 volumetric and 72 thickness measurements shown in
figure2 and 3.

Head size and intracranial volume were used to standardize
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Fig.3.Box Plot Representation Correlation Analysis

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(20s), 414422 | 416



3.3Analysis of methodologies

The machine employed for the present article included an
intel core CPU running at 2.3 GHz, 8 GB of RAM, and the
Microsoft Windows operating system. Data from OASIS
was used, which was subsequently homogenized and given
specific features. Standardization increases precision. The
workflow of the proposed work is shown in Figure 4.

Diata Meodel training and
Collection Evaluation
Data Preprocessing hiodel
validation
Feature Selection Model Prediction
Data Splitting l
Performance
Evaluation

Fig. 4. Workflow of the Methodologies

4. Classifiers and its Performance Measures

As a rule of the thumb for degenerative diseases, a positive
significant rate is required to diagnose each person with
Alzheimer's disease as soon as possible. But, we
additionally must make sure that perhaps the misdiagnosis
rate is low in the interim. The contour area is the most
effective measure for evaluating efficiency. The
correctness of the models is determined by calculating the
uncertainty matrices. A correlation matrix is used to offer
data for a certain feature or set of data. When choosing the
best approach, the aspects that are most closely related are
taken into account. Hyperplanes are used to describe the
data points. Any end of the higher dimensional space may
contain arguments again for information, which are further
individually addressable as various classes.

The excitable range is determined by the squared
correlations of the selected characteristics. The desired
model is fed after the original data has been split into sets
for training and testing. The process is performed for all
the listed techniques, and the estimations for actual
efficiency are provided underneath.

The Parameters taken for the comparison of the analyzing
models for identification of alzhemiers disease is given

below,

Accuracy=TP+TNITP+TN+FP+FN 1)
Precision=TPITP+FP 2
Recall=TPITP+FN 3)
F1=2%xPrecisionXRecall/Precision+Recall 4)

4.1 Decision Tree Classifier

The decision tree algorithm iteratively splits the data into
subsets based on the most informative features, aiming to
maximize the homogeneity of samples within each subset
with respect to the target variable (i.e., presence or absence
of Alzheimer's disease). At each node of the tree, the
algorithm selects the feature that best separates the data
into distinct groups, typically using measures such as Gini
impurity or information gain.

One advantage of using a Decision Tree Classifier in
Alzheimer's disease detection is its ability to generate
easily interpretable models that can reveal important
biomarkers or cognitive patterns associated with the
disease. Clinicians can gain insights into the decision-
making process of the algorithm, potentially leading to a
better understanding of the underlying mechanisms of
Alzheimer's disease.

However, Decision Tree Classifiers may suffer from
overfitting, especially when dealing with high-dimensional
data or noisy features. To mitigate overfitting, techniques
such as pruning, limiting the tree depth, or using ensemble
methods like Random Forests can be employed.

When contrasted to other models, decision trees are the
traditional machine learning technique and yield outcomes
with a better degree of accuracy. The splitting of data was
carried out under different settings according to an
algorithmic technique that was created Table 1. Decision
trees have been praised in many research as a great method
for performing predictive analyses. In the process of
predicting AD, we start with the tree root characteristic and
contrast it to various tree node properties. We investigate
Figure 5 the branch related to that value and go on to the
next node based on the correlation.

Table 1. Simulation Results of Decision Tree

precision | recall F1- support
score
Class 0 0.75 0.83 0.79 52
Class 1 0.84 0.77 0.80 60
Avg/ 0.80 0.79 | 0.79 112
Total

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(20s), 414422 | 417



True label

30
Nondemented 31 25
20
15
Demented
10

Nondemented Demented
Predicted label

Fig. 5. Confusion Matrix on Decision Tree
4.2Voting Classifier

Voting constitutes solitary quickest ways to combine the
prediction from different learning algorithms Figure 6.
Voting technique are merely wrappers for many classifiers
that are simultaneously trained and evaluate in order to
take use of their distinct description. Data points are taught
using a wide range of algorithms and combinations to
anticipate the outcome.

First and
second order_ Preproceszing
Features l
Train and Test Pahse
30%Test 70%Train J

T

Feature Engineering

Trained Model

Fig. 6. Workflow of the Voting Classifier

A sort of statistical prediction model for aggregating
forecasts from various versions is a voter classifier. When
the findings of each base classifiers are combined, a voting
learner is a technique to forecast the final feature class
label using the greatest vote majorityTable 2. The main
idea is to build a cohesive prediction method instead of
building various classification models and figuring out
each one's predictive performance separately.Hard casting
represents the most basic form of qualified majority figure
7. In this case, the class (Nc) with the most vote will just
be selected. Our projection is based on the results of each
classifier's democratic majority.

Table 2. Classification result of voting classifier

precision | recall | F1- suppor
score |t

Class 0 0.80 0.85 0.82 52

Class 1 0.86 0.82 0.84 60

Avg/total 0.83 0.83 0.83 112
35
30

Nondemented 35
25
f‘: 20
4
E 15
Demented 34 10
5
Nondemented Demented
Predicted label

Fig. 7. Confusion Matrix on Voting Classifier
4.3 LGBM Classifier

Because of the effectiveness and quick efficiency, the
Light GBM constitutes a more advanced variation of the
Logistic Regression Machine Figure 8. It can
accommodate a significant quantity of data without
becoming complicated, unlike GBM and XGBM figure 9.
On the opposite hand, it is inappropriate for data points
with a smaller number. Light GBM promotes leaf wise
expansion of the spanning tree over level-wise growth.
Moreover, in light Glioblastoma, the primary node splits
into two minor nodes while splitting into a third secondary
node. Which of network cells has a bigger loss determines
how it relates to the idea is split. Hence, the Light Gradient
Boosting Machine (LGBM) heuristic technique will
always be preferred because of the leaves partition.

Dataset

Train Split Test Split

Training Validation Test

Fig. 8. Generic model for validation
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Table 3. Classification result of LGBM Classifier

Table 4. Classification result of GB Classifier

precision | recall F1- support precision | recall | F- support
score Measure
Class 0 0.77 0.83 0.80 52 Class0 | 0.81 0.85 0.83 50
Class 1 0.84 0.78 0.81 60 Class1 | 0.86 0.83 0.85 59
Avgltotal | 0.81 0.80 0.80 112 Avg/ 0.84 0.84 0.84 110
Total
300
35
27.5
30
25.0
Nondemented Nondemented 35
22.5 25
= i
% 204 % 55
= 17.5 E
H =) 15
15.0
Demented Demented
12.5 10
10.0 5
Nondemented Demented Nondemented Demented

Predicted label

Fig. 9. Confusion Matrix on LGBM Classifier

Furthermore, LightGBM is efficient in handling high-
dimensional data, which is prevalent in Alzheimer's
disease detection studies, where hundreds or thousands of
features may be extracted from neuroimaging scans,
genetic data, and clinical assessments. LightGBM's ability
to handle large feature spaces without requiring extensive
preprocessing or feature engineering can streamline the
model development process and improve prediction
accuracy.

3.4 Gradient Boosting Classifier

A sort of classification algorithm called support vector
classifiers combines a number of weak deep learning to
Support vector classifiers, a type of learning algorithm,
integrate series of failed teaching methods to create a
successful leading to specific. Gradient improvement
typically makes use of decisions trees Table 4. Decision
tree algorithm is frequently used for slope enhancement
Table 4.

Tuning the model's hyper parameters, on the other hand,
necessitates some active decision making on our part. In
order to generate a predictive model that has
extraordinarily highest accuracy power and accuracy
whenever working with a huge amount of information,
GBM is a boosting approach that is typically used Figure
10. In hopes of improving fighting spirit over a symbolises,
bolstering is a group of instructional methods that often
combine the predictions of many base estimators figure 10.
It creates a strong predictor by combining an assortment of
weak or average predictors.

Predicted label

Fig. 10. Confusion Matrix on GBC Classifier
3.5 K-Nearest Neighbours Classifier

The technique of this segmentation is the assignment of a
single data point to a class based on knowledge the
classifier has acquired during training. Its task is to provide
an input pattern expressed by a variable to one of the
various predetermined groups. For the purpose of
classifying an MRI brain imaging, the Classification
algorithm Table 5 is the one that is currently in use in this
study to identify the person as CN, MCI, or AD. This
classifier uses a non-parametric method to generate its
classifications and the algorithmic procedure is given
below. There is no requirement for prior knowledge of the
layout of the selected features acquired in training
examples when a retraining feature group is introduced to a
current training compendium.

Algorithm: KNN_Alzheimer_Detection

Input:

- train_data: Training data features

- train_labels: Labels corresponding to training data
- test_data: Test data features

- k: Number of neighbors to consider

Output:

- predictions: Predicted labels for test instances
Procedure:

1. Initialize an empty list to store the predictions.

2. For each instance in the test_data:
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a. Compute the distance between the test instance and
each instance in the train_data.

b. Store the distances along with their corresponding
indices.

3. Sort the distances in ascending order and select the
indices of the k nearest neighbors.

4. Retrieve the labels of the k nearest neighbors from
train_labels.

5. Perform a majority vote among the retrieved labels to
determine the predicted label for the test instance.

6. Store the predicted label in the predictions list.
7. Repeat steps 2-6 for all instances in the test_data.

8. Return the predictions list.

Table 5. Classification result of KNN Classifier

precision | recall | F-score | support
Class0 | 0.60 0.80 0.68 51
Class1 | 0.72 0.54 0.63 59
Avg/ 0.68 0.65 0.64 100
Total
30
Nondemented 34
25
2
= 20
!
e 15
Demented
10
5
Nondemented Demented
Predicted label
Fig. 11. Confusion Matrix on KNN Classifier
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Fig. 12. Comparison on accuracy rate

The above figure 12 depicts the accuaracy rate of the
classifiers among that the gradient boost is having the
highest accuarcy rate.

5. Conclusion

In distinction to diagnose persons with dementia later than
it has previously manifested, early recognition of dementia
receive more attention in our research effort. Based on a
recent study, abundant studies be being conducted utilizing
a variety of methodologies to name AD. Machine erudition
algorithms have several reimbursements since they
decrease individual error and produce accurate and
successful outcomes. With little to no person involvement,
indicative times are summarized. Extra Tree classifier, one
of the algorithms we used, produced the most noticeable,
trustworthy, and accurate findings, with an accuracy rate of
93.14 percent.

The majority of mortality rates occurred as a result of
delayed disease detection, with AD being one of them.
Older patients in particular were affected by the dementia
problem; these individuals can somewhat overcome this
difficulty with early doctor intervention. Additionally,
reducing MR delay could be a thorough preventative
measure to lessen the likelihood of AD occurring. As a
result, there is a greater possibility to save AD individuals
in the future before they find themselves in desperate
circumstances.

The clustering technique, which may provide a superior
solution, can be used in the future to improve performance,
along with alternative methods. In order to increase the
accuracy of diagnosis techniques, future study will
concentrate on the collection and evaluation of novel
features that are more likely to help in identifying
indicators of Alzheimer's disease as well as on the removal
of redundant and unnecessary characteristics from existing
feature sets. We will be able to train our algorithm to
distinguish among healthy persons from those with
Alzheimer's disease by including parameters like MMSE
and Education.
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