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ABSTRACT

Alzheimer's disease (AD) is a progressive neurodegenerative disorder and one of the leading causes of dementia
worldwide. Early detection is critical to slowing disease progression and improving patient outcomes. While
Magnetic Resonance Imaging (MRI) is commonly used for AD diagnosis, analyzing the high-dimensional data
remains challenging. This study explores the use of texture features from MRI images to improve the accuracy
of AD classification using machine learning. This research utilized MRI brain images from publicly available
datasets to classify early-stage Alzheimer's disease. The Random Forest algorithm handled large, complex
datasets while minimizing overfitting. Texture features, including Histogram, Gray Level Co-Occurrence
Matrix (GLCM), and Gray Level Run-Length Matrix (GLRLM), were extracted to highlight microstructural
changes in the brain, particularly in the hippocampus and cortex—critical areas affected by AD. The model
achieved an accuracy of 88%, precision of 85%, and Recall of 92% in the 10th fold using the WEKA platform,
demonstrating its effectiveness in detecting early neurodegenerative changes. The Random Forest model,
combined with texture feature extraction, provides a computationally efficient approach for the early detection
of Alzheimer's disease. By identifying subtle changes in brain tissue, this method can potentially support
clinicians in early diagnosis and intervention planning. Future research should focus on integrating additional
imaging modalities and clinical data to enhance diagnostic accuracy and reliability.
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Introduction

Alzheimer's disease is one of the leading causes of dementia, affecting more than 55 million people
worldwide, and is expected to continue to increase to reach 139 million cases by 2050 due to the
growing elderly population (Fernandez et al., 2024). Alzheimer's is characterized by progressive
damage to brain tissue, which affects the patient's cognitive function and behavior. Early symptoms
usually include difficulty remembering new information, which develops into critical thinking
disorders, confusion, and an inability to carry out daily activities (Mortara et al., 2023; Bhagya Shree,
2016). In the clinical context, early diagnosis of Alzheimer's is a crucial step to slow down the course
of the disease, improve the quality of life of patients, and optimize treatment (Pourranjbar et al., 2024).

Magnetic Resonance Imaging (MRI) is one of the most reliable and widely used technologies
for detecting Alzheimer's early. MRI uses strong magnetic fields and radio waves to produce high-
resolution structural images of the brain, allowing the identification of morphological changes typical
of the early stages of the disease (Bhade & Bamnote, 2023; Bhagya Shree & Sheshadri, 2014; Saikia &
Kalita, 2024; Patil et al., 2023). This technology is safe to use by various age groups, including
individuals with other comorbidities, making it the diagnostic tool of choice in neuroimaging (Jatmiko,
2021; Jack et al., 2015). Several recent studies have highlighted the potential of texture analysis on MRI
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images to identify microstructural changes that conventional visual analysis cannot detect (Almumtazah
etal., 2023).

However, the main challenge in MRI image analysis is the high dimensionality of the data,
which requires data processing methods that can efficiently summarize important information without
compromising accuracy. For example, a study showed that using Principal Component Analysis (PCA),
the dimensions of an MRI image (256x256 pixels) can be summarized into 50 principal components.
These components were then analyzed using artificial neural networks, resulting in an accuracy of up
t0 91.0% and an AUC of 0.941 on the test data (Olle Olle et al., 2024). Although promising, this method
has limitations in terms of complexity and high computational resource requirements, so it requires
exploring other more practical and efficient approaches.

One of the prominent approaches in medical data processing is Random Forest, a supervised
machine learning algorithm that combines results from many decision trees to generate more accurate
predictions (Tran et al., 2025; Chen et al., 2024; Mirzadeh & Omranpour, 2024). The algorithm has
been successfully applied to a wide range of medical image classification studies, including detecting
heart disease, cancer, and other neurological disorders, with a competitive accuracy rate compared to
other methods (Qi et al., 2024; Luo & Qiao, 2024). As an ensemble method, Random Forest combines
multiple decision trees to improve prediction accuracy, with an accuracy rate of 91.56% for Alzheimer's
detection (Igbal et al., 2023).

However, to harness the full potential of Random Forest, a tool that can efficiently support the
implementation and evaluation of these algorithms is needed. WEKA (Waikato Environment for
Knowledge Analysis) is an essential tool in implementing Random Forest, especially for researchers
looking for an intuitive and efficient solution for data analysis. WEKA offers a graphical interface that
simplifies the classification process, model parameter settings, and visualization of results, such as
setting the Number of decision trees or the maximum depth of trees that can significantly affect model
performance (Hussain & Gogoi, 2022; Sai Madhuri et al., 2024; Awojoyogbe & Dada, 2024). With its
ability to support the exploration of model parameters, WEKA ensures that the applied algorithm can
achieve optimal results, even on complex datasets such as MRI images.

WEKA simplifies the visualization of results and provides the option to set algorithm
parameters, such as the Number of trees (Number of trees) or the maximum depth of the tree (maximum
depth), which can affect the model's performance. WEKA allows this study to ensure the efficiency and
validity of the methods used to classify MRI images (Qamar & Raza, 2023).

Previous research has demonstrated that the Inception V3 architecture, a variant of the
Convolutional Neural Network (CNN), has been successfully utilized to classify MRI data related to
Alzheimer's disease, achieving a validation accuracy of 87.79% and a precision rate of 92% for the
Non-Demented category. These results highlight the computational efficiency of Inception V3,
particularly in handling large-scale, high-resolution data such as MRI images (Fitriyani et al., 2023).
However, this study adopts a different approach by analyzing MRI images for Alzheimer's detection
using the Random Forest algorithm via the WEKA platform, leveraging texture feature extraction
methods such as histograms, GLCM, and GLRLM. This approach aims to provide a simpler and more
computationally efficient alternative for detecting microscopic changes in brain tissue associated with
Alzheimer's, thereby enhancing the accuracy of early diagnosis through ensemble-based machine-
learning techniques.

This study aims to explore the use of the Random Forest algorithm in analyzing MRI images
based on texture features to improve the accuracy of early detection of Alzheimer's. With a machine
learning technology-based approach, this research is expected to advance medical diagnosis
significantly, support more timely clinical decision-making, and open up new opportunities in
neurodegenerative research.

Methods
Data Processing Procedures
The study used brain MRI scan images from the kaggle.com database, which included 100 images of

mild impairment and 100 images of no impairment. Brain MRI and scan image extraction were
performed using Python in Google Colab, and classification was carried out using the WEKA machine
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learning algorithm. Figure 1 shows the stages of the research. There are three main stages:
preprocessing, extraction of texture features, and using the Random Forest method for classification.
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Figure 1. Research Flowchart

Preprocessing
There are several processes, namely, taking an image from kaggle.com, collecting it, and converting
the RGB input image to grayscale.

Texture Feature Extraction

This extraction process produces essential data that can then be used to obtain important information.
The information, in turn, can provide a thorough overview and interpretation of an object (Almumtazah
etal., 2023). Texture feature extraction in this study includes a Histogram, a Gray-Level Co-Occurrence
Matrix (GLCM), and a Gray-Level Run-Length Matrix (GLRLM) (Rizal et al., 2019).

Histogram

Histogram equalization will increase the brightness and contrast of dark, low-contrast images so that
features not visible in the initial image become visible. This method works by distributing the greyness
levels across the image so that each greyness level has an even distribution (Choukali et al., 2023; Li et
al., 2024; Zhao et al., 2024).

Mean
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Gray-Level Co-occurrence Matrix (GLCM)

The Gray-Level Co-occurrence Matrix (GLCM) is a texture analysis method used to measure how
pixels of a certain intensity in an image relate to each other at certain distances and angles (Dheepak et
al., 2023).

Homogeneity

Z (7
1+ Il Jl
ij=
Contrast measures the extent to which pixel intensity differences in a shared event matrix

Z li —j|? Pij (8)

i,j=0
Correlation
g=1 . , ..
Z (i =) — wj)Py ©)
=6 g; X O}
Energy represents the homogeneity of texture
1=1
Z Pij (10)
i,j=0

where p(i,j) is the probability of co-occurrence between pairs of pixels with greyness levels i and j in
the image, N is the Number of greyness levels in the image. Where px and py are the average greyness
levels i and j in the image, ox and oy are the standard greyness deviation values of the image.

Gray Level Run-Length Matrix (GLRLM)

The Gray Level Run-Length Matrix (GLRLM) is a matrix used to extract various texture
features to support texture analysis. Texture in this context refers to the grey pixel intensity pattern
formed in 18 specific directions of the reference pixel. The long run refers to the number of consecutive
pixels with the same level of grey intensity in a given direction (Durgamahanthi et al., 2021).
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where S is the Total sum of all values run on an image, M is the Number of greyness ordinances (Gray
level) (0, 1, 2, ..., 255), N is the Number of sequences Running length (1, 2, 3, ...), [ is Grayness value
(Gray level) (0; 1; 2; ...; M-1), J is Value Running length (1; 2; 3; ...; N), 1(j) is Number of run-lengths
by sequence, j g(I) is Number of run-lengths by sequence, I (grey level) nis Number of rows x Number
of columns, p(l, j) is Matrix set | and j.

Random Forest

Random Forest is an ensemble-based machine learning algorithm that improves classification accuracy
by combining several decision trees (Mirzadeh & Omranpour, 2024). Each decision tree in Random
Forest is trained using a randomly drawn sample from the initial data and using only a random subset
of the available features. This method allows Random Forest to handle complex and large data
effectively, as each tree is trained with only a portion of the information, thus reducing the potential for
overfitting (Jin et al., 2020).

Random Forest's main advantage lies in its resilience to lost and outlier data and its ability to
handle large amounts of data with complex parameters. This method also has a built-in feature selection
process, assigning each feature an importance rating that shows its contribution to the model's accuracy.
With these features, Random Forest can improve model performance in complex classification or
regression tasks, such as medical image processing and bioinformatics, where accurate prediction is
critical.

Gini Impurity = 1 — Zn (rj)? (18)
j=1
where n is the Class target number, J is the Target class, p is the Class target ratio.
Data Analysis Techniques
The accuracy of the diagnostic values in the classification can be shown through the evaluation index

values obtained from the data classification results using the WEKA machine learning algorithm. In
this analysis, accuracy, precision, and Recall will be described and measured as follows.

Accuracy
This is the ratio of the overall correct prediction to the total data.
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Aurasi TP + TN (19)
Wast = Tp Y TN + FP + FN

Precision
The Number of correct positive predictions divided by the total positive predictions shows how many
classes predicted to be positive turned out to be positive. This measure measures how accurate the model

is in detecting disease.

.. TP
Presisi = TP + FP (20)

Recall
The Number of correct optimistic predictions divided by the total actual positive events. This shows

how many actual positive events were successfully predicted as positive.

TN
Recall = m (21)

TP (True Positive) is the Number of patients classified as Alzheimer's by the classification system, FP
(False Positive) is the Number of Non-Alzheimer's patients who are classified as Alzheimer's by the
classification system, FN (False Negative) is the Number of Alzheimer's patients classified as Non-
Alzheimer's by the classification system, TN (True Negative) is the Number of Non-Alzheimer's
patients classified as Non-Alzheimer's by the classification system.

Results and Discussion

Figure 2(b) shows an overview of diagnosing normal brain tissue biopsied using Magnetic Resonance
Imaging. Normal brains tend to have a well-defined structure and no dark areas or conspicuous
shrinkage, as in the picture of Alzheimer's disease. A normal brain shows stable and regular
development and growth of nerve cells. The brain consists of several critical regions, such as the cortex,
hippocampus, and brainstem. In Figure 2(a), some cells in the hippocampus or cortex area undergo
abnormal degeneration, which can lead to symptoms of Alzheimer's disease. The feature extraction used
is texture features using histograms, GLCM, and GLRLM.

(a) (b)
Figure 2. MRI of Alzheimer’s brain tissue (a) Mild Impairment (b) No Impairment

The analysis results in Table 1 use the Random Forest method, a cross-sectional approach, and
diagnostic tests. The table helps calculate the accuracy value in classifying brain tissue in Alzheimer's
patients. Based on the results of the experiment, the highest accuracy was obtained in fold 10 with a
value of 88%, followed by fold 20 (87.5%), fold 15 (85%), fold 25 (83%), and fold 5 (80%). This
accuracy value is beneficial in identifying brain tissue affected by Alzheimer's, where a more accurate
classification can provide a clear picture of the condition of nerve cells. The highest precision is
achieved at fold 10 with a value of 85%, while folds 5, 15, 20, and 25 show precision varying between
79% and 84%. The highest Recall of 92% is achieved in folds 10 and 20, while the other folds show a
consistent recall of 91% and the lowest Recall in fold 5 with a value of 76%. The Random Forest method
provides a classification of brain tissue with a reasonable degree of accuracy in detecting the presence
of Alzheimer's, especially with the characteristics of heurodegeneration in the hippocampus and cortex
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that is central to cognitive decline in Alzheimer's patients. This classification is essential to aid in early
diagnosis and further management of the disease. Compared to previous research by Almumtazah et al.
(2023), the results of the study in the form of sensitivity of 90.27%, accuracy of 88.60%, and specificity
of 87.15%, where these results are good values to be used as a decision support system for medical
personnel in diagnosing Alzheimer's patients. The amount of data, brain image processing methods, and
data processing techniques can cause this difference in results.

Table 1. Performance Evaluation of the Random Forest Model by Fold, in Terms of Accuracy, Precision, and
Recall

Accuracy Precision

Fold TP (data) FP (data) FN (data) TN (data) Recall (%)

(%) (%)
Training 100 0 0 100 100.00 100.00 100.00
5 76 17 24 83 80 81.70 76.00
10 92 16 8 84 88 85 92.00
15 91 20 9 80 85 81 91.00
20 92 17 8 83 87.5 84 92.00
25 91 24 9 76 83 79 91.00

The model's ability to detect texture features associated with pathological changes in
Alzheimer's disease can benefit doctors and diagnosticians in conducting early detection and planning
more appropriate interventions (Fernandez et al., 2024). Alzheimer's disease, as a progressive
neurodegenerative disease, causes damage to brain tissue, especially in areas such as the hippocampus
and cortex that play a role in memory, learning, and cognition (Mortara et al., 2023). This texturing
feature-based model can distinguish healthy brain tissue from tissue degenerated due to the
accumulation of beta-amyloid plagques and neurofibrillary tangles, characteristic of Alzheimer's.

Texture feature extraction techniques such as histograms, GLCM, and GLRLM provide a
deeper understanding of the microscopic changes in brain tissue, even before the clinical symptoms of
Alzheimer's appear (Li et al., 2024; Dheepak et al., 2023). Through this analysis, the model can identify
patterns of changes in the structure and distribution of nerve cells and other supporting tissues, such as
astrocytes and microglia, which are often difficult to recognize through mere visual observation. This
early detection is critical, given that Alzheimer's is often diagnosed late when damage to the brain is
already widespread.

Although this study offers great potential in helping the diagnostic process and evaluation of
the progression of Alzheimer's disease, some limitations need to be considered. The study did not
include detailed information on the stages of disease progression, the size and distribution of plaque
and tangle, and its association with more specific clinical manifestations. In addition, there are no clear
guidelines regarding the treatment steps that should be taken based on the analysis of these texture
features. So, although this model can be a precious tool, a holistic approach involving clinical
examination and other imaging is still needed to provide an accurate and thorough diagnosis of
Alzheimer's patients.

This study employs the Random Forest algorithm, an ensemble-based machine learning method
that enhances classification accuracy by combining multiple decision trees. One of its primary strengths
is its ability to handle high-dimensional data while minimizing overfitting. Using WEKA as an analysis
platform facilitates the implementation of Random Forest, from parameter configuration to result
visualization; parameters such as the Number of trees and maximum tree depth were optimized to
achieve the best performance in distinguishing healthy brain tissue from tissue affected by Alzheimer's.

Texture feature extraction from MRI images plays a critical role in identifying microstructural
changes invisible through conventional visual analysis. Three primary techniques were employed in
this study: the Histogram, which enhances image contrast and evenly distributes grayscale levels,
revealing hidden features, with parameters such as mean, variance, entropy, and kurtosis describing the
grayscale distribution; the Gray Level Co-Occurrence Matrix (GLCM), which measures the spatial
relationship between pixels with specific grayscale values at defined distances and angles, with
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parameters like homogeneity, contrast, correlation, and energy providing information on texture
patterns; and the Gray Level Run-Length Matrix (GLRLM), which measures the run-length patterns of
pixels with similar grayscale intensity in a specific direction, with parameters such as Short Run
Emphasis (SRE), Long Run Emphasis (LRE), and Gray Level Non-Uniformity (GLN) describing the
distribution of pixel intensities.

The texture-based model developed in this study effectively detects neurodegenerative changes
at an early stage, even before significant clinical symptoms appear. The hippocampus and cortex,
critical for cognitive function, were the primary focus areas for detection. The classification results
demonstrate the model's effectiveness in differentiating between healthy and degenerated brain tissue,
a key indicator of Alzheimer's disease. The model demonstrates competitive results compared to prior
research; for instance, a study by Almumtazah et al. (2023) reported a sensitivity of 90.27%, accuracy
of 88.60%, and specificity of 87.15%. Variations in image processing techniques, dataset size, and
analysis methods likely account for the differences in outcomes.

Despite its potential, the model has certain limitations that warrant consideration. The study
does not provide detailed information on the stages of disease progression, which could influence
classification accuracy. Broader clinical implementation requires integrating other imaging modalities,
such as PET scans or fMRI, and comprehensive clinical evaluations, and the texture feature analysis
still needs to offer clear guidance on therapeutic interventions based on diagnostic results. Nonetheless,
this study makes a significant contribution to the application of machine learning in diagnosing
neurodegenerative diseases. Future research should focus on developing more complex models that
integrate multimodal data such as genetic information, biomarkers, and functional imaging to enhance
diagnostic accuracy and provide more precise guidance for medical interventions.

Conclusion

This study demonstrates that the Random Forest algorithm provides good classification performance in
detecting brain tissue affected by Alzheimer's disease, with the highest accuracy of 88%, precision of
85%, and Recall of 92% in the 10th fold. Texture feature extraction techniques such as histograms,
GLCM, and GLRLM successfully detected neurodegeneration patterns in the hippocampus and cortex
areas before clinical symptoms appeared. This texture-based model has the potential to serve as an
effective diagnostic tool for early detection of Alzheimer's, although a more holistic approach is
necessary for comprehensive clinical application.
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