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This study aims to classify lung diseases from X-ray images using a combination of
Gray Level Cooccurrence Matrix (GLCM) and Linear Discriminant Analysis (LDA)
methods. GLCM was used to extract texture features such as contrast, correlation,
energy, and homogeneity from 300 lung X-ray images representing four categories:
Normal, Pneumonia, Tuberculosis, and Bronchitis. The LDA method was then
applied for classification based on these features. The results showed that
Tuberculosis had the highest classification accuracy at 80%, while the overall model
accuracy was 61.67%. Evaluation using precision, recall, F1-score, and confusion
matrix confirmed that the GLCM and LDA combination performed best in
identifying tuberculosis cases. However, overlapping features between Normal,
Bronchitis, and Pneumonia classes reduced the classification performance. These
findings suggest that the proposed method provides promising results and could be

improved further with advanced feature extraction or classification techniques.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

The lungs are one of the vital organs in the human
respiratory system. The lungs have an important role in the
gas exchange process, namely taking oxygen from the air and
removing carbon dioxide from the human body [1]. The
lungs are located in the chest cavity and are protected by the
ribs, the lungs are separated by the diaphragm from the
abdominal cavity [2]. It is very important to keep the lungs
healthy because healthy lungs can support optimal body
function. Factors that can make the lungs unhealthy include
smoking, air pollution, and exposure to chemicals [3].
Several of these factors can cause several lung diseases such
as asthma, bronchitis, pneumonia, tuberculosis, and even
lung cancer which can disrupt respiratory function and
reduce quality of life [4].

Lung disease is one of the main causes of human death in
the world, both in developed and developing countries, and
has many impacts on world health and the world economy
[5]. Lung diseases such as pneumonia, tuberculosis, and
bronchitis are common lung diseases and require immediate
detection and treatment to increase the patient's chances of

recovery [6]. Based on data from the Indonesian Ministry of
Health, the number of Tuberculosis cases in Indonesia has
fluctuated since 2013. Starting from 327,103 cases in 2013,
it decreased in 2014 to 324,539, then increased slowly until
2019. In 2020, cases decreased sharply to 393,323, possibly
due to the pandemic. However, the number rose again in
2021 to 443,235 and jumped drastically in 2022 to 717,941
cases, an increase of around 61.98% from the previous year
[71.

The use of artificial intelligence-based technology and
image processing in the medical world shows great potential
in supporting the diagnosis of diseases [8]. One of the most
common ways used to detect lung conditions is with X-ray
images [9]. One of the commonly used methods is the Gray
Level Co-occurrence Matrix (GLCM) method. GLCM s
used to extract texture features from X-ray images [10].
GLCM is used to identify complex texture patterns, patterns
that are difficult to interpret manually by humans, the
extracted features can provide an in-depth representation of
image characteristics that are relevant for diagnosing disease
[11]. In addition to the GLCM method, this study also uses
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the Linear Discriminant Analysis (LDA) method. The LDA
method is an effective statistical method for image
classification, this method is also relatively simple and fast
to use on small to medium datasets [12].

Research conducted by [13], This study proposes an
approach to potato leaf disease classification by integrating
three types of image features, namely color moments, texture
using Gray-Level Co-occurrence Matrix (GLCM), and Renyi
fractal dimension. The classification method used is Linear
Discriminant Analysis (LDA), which is applied to classify
potato leaves into three classes: healthy, early blight, and late
blight. The dataset used consists of 456 images with a size of
256x256 pixels taken from the Kaggle platform. The results
showed that when the features were tested separately, the
color moment feature gave the highest accuracy of 97.58%,
while the GLCM feature only achieved 60.75% and the
Renyi fractal dimension was 62.07%. However, when the
GLCM feature was combined with the color moment, the
accuracy increased significantly to 98.03%. The highest
accuracy of 98.46% was achieved when all three types of
features were combined and classified using LDA. These
results also show that the LDA method is able to outperform
other classification methods such as Support Vector Machine
(91.88%), K-Nearest Neighbor (84.44%), and Random
Forest (92.34%). This study confirms that the integration of
color, texture, and fractal features with LDA significantly
improves the accuracy in potato leaf disease classification
compared to using single features or classification methods.

Therefore, the purpose of this study is to implement the
GLCM method in identifying lung disease detection patterns
based on X-ray image results and also to implement the LDA
method as a classification for grouping types of lung disease.
The combination of GLCM and LDA methods is expected to
provide a promising approach to improve the accuracy of
lung disease diagnosis based on X-ray images.

Several machine learning algorithms such as Naive Bayes
and Support Vector Machine (SVM) have been widely
applied in various classification tasks across different
domains. For instance, Naive Bayes has been successfully
used to classify aquaculture survival rates based on
environmental parameters with high accuracy [14], while
SVM has shown its usefulness in pattern recognition
problems such as traditional clothing image grouping based
on color features [15]. These studies suggest the versatility of
classification algorithms in different contexts, supporting the
use of Linear Discriminant Analysis (LDA) in this research
for medical image classification.

Il. METHOD

This research was conducted through several structured
stages to achieve the main objective, namely to build a lung
disease diagnosis classification system based on X-ray
images using the GLCM and LDA methods. The following
are the stages carried out in the research which can be seen
through the following flow diagram figure 1:

| literature study |

v

| Data Collection |

v

| Data Processing |

v

| Data Processing |

v

| System Design |

v

| System Design |

Figure 1. Research Flowchart

A. System Scheme

The following system scheme is a scheme for diagnosing
lung disease based on X-ray results using the Linear
Discriminant Analysis (LDA) and Gray Level Co-
occurrence Matrix (GLCM) methods, which are an approach
that combines texture feature extraction techniques from X-
ray images and statistical classification methods to
distinguish between normal and abnormal lung conditions.
The system scheme can be seen in the figure 2 below:

Input Data

I Data Processing H Data Repair

i 4

Feature Extraction
With GLCM

Classification

with LDA? Evaluation

Classification
Results

Figure 2. System Scheme

B. Gray Level Co-occurrence Matrix (GLCM)

Gray Level Co-occurrence Matrix (GLCM) is one of the
methods used in image processing to extract texture features
from an image [16]. GLCM is a frequency matrix that
describes how often a pixel with a certain gray level appears
together at a certain distance and direction [17]. This matrix
is used to calculate the spatial relationship between pixels in
a grayscale image. GLCM considers the spatial relationship
between pixels where this relationship is determined by the
distance (d) and direction (8). Distance (d) determines how
far two pixels are considered a pair, while direction (8) is the
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direction of the pixel pair expressed in degrees with angles of
0°, 90°, 45°, 135°[18].

In this study, the Gray Level Co-occurrence Matrix
(GLCM) method was used to extract texture features from
lung X-ray images. The GLCM was computed using the
following parameters:

1. Pixel distance: 1 pixel
2. Directions (angles): 0°, 45°, 90°, and 135°
3. Gray level quantization: 256 levels

4. Mode: symmetric and normalized

Four main texture features were calculated in each
direction: contrast, correlation, energy, and homogeneity,
resulting in a total of 16 features per image (4 directions x 4
features).

The Gray Level Co-occurrence Matrix (GLCM) method
has steps to build GLCM by creating a matrix that records
the frequency of gray level pairs (i,j) according to the
specified distance and direction. Matrix normalization to
convert frequency values to probabilities by dividing each
element by the total frequency [14]. The formula is as
follows:

. M, j)
PG = Total Pairs
Extracting texture features contained in the GLCM method
such as [19]:
a. Contrast is used to measure the difference in intensity
between a pixel and its neighbors.
> PG )
LJ
b. Correlation is used to measure the linear relationship
between pixels.
i PG GE — w) (G — w)
O'l'O'j

c. Energy that functions to measure the compactness or

homogeneity of the matrix.

Energy = Z P(i, j)?
iLj

d. Homogeneity, which functions to measure the
uniformity of value distribution.
P (i)

=1+ i —Jl

Homogeneity =

Explanation:
i
P(i.j)

2L

The intensity values (gray-level) of two
neighboring pixels (e.g.: 0, 1, 2, ..., 255)

The probability of occurrence of a pair of
values i and j in the GLCM matrix

Double addition over all pairs (i, ) in the
matrix

. . The average (mean) of the row intensity values
H (i) in GLCM

The average (mean) of the intensity values of

H " column (j) in GLCM
oi Standard deviation of the row intensity values
(i)

Standard deviation of the row intensity values

o)

M) Frequency of occurrence of pixel value pairs i
and jin GLCM

Total The total number of elements in the GLCM

Pairs matrix (total number of pixel pairs)

C. Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) is a statistical
method used to reduce data dimensions and optimally
separate classes based on available features [20]. LDA is
often used in classification and pattern analysis, as well as to
understand how input variables affect the separation between
classes. The goal of the LDA method is to classify objects
into a number of classes according to the described
characteristics. [21].

The working steps of the Linear Discriminant Analysis
(LDA) method are as follows:

1. Data Preparation

a. The dataset in the form of a feature vector X =
{xl‘xz‘ vy Xm }
with each sample x; given a class label C;.

b. Ensure that the dataset has a distribution that
meets the LDA assumptions, namely a Gaussian
distribution with equal covariance between
classes.

2. Calculate the average for each class:

3. Calculate the scatter matrix between classes (Sg)
Between-Class Scatter which measures the spread of
class averages against the global average:

K

Sp = Z Ny Qe — Wy — w7
k=1

4. Calculate the scatter matrix in class (S,,) Within-
Class Scatter which measures the spread of data
within each class:

K
Sw = Z Z e — ) (o — )™
k=1x€Cy
5. LDA finds the eigenvectors of the combined scatter

matrix:
Sw' Sg
6. The data is transformed to a new dimension using the
best eigenvectors:
Z=XW
Explanation:
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X={x1 x2,.,xm  Dataset with m feature vectors
3 :
Xi - Feature vector from sample to-i
o - Class to-k
N - Number of samples in class -k
K - Total number of classes
The average of the feature vector (mean)
pk .
in the class-k
M - Global average of all data (total mean)
T . Transpose of matrix/vector
Eigenvectors resulting from LDA
W . optimization (projection matrix to new
dimensions)
7 Projected data to new dimensions
(feature reduction results)
Figure 4. Tuberculosis
D. Lung Disease 3. Bronchitis, is a form of Chronic Obstructive Pulmonary

In the research conducted, lung diseases will be classified

here into only 3 diseases as follows:

1.

Pneumonia, A common acute respiratory infection is
pneumonia. This infection affects the alveoli and distal
bronchial tree of the lungs. It is caused by viruses,
bacteria, fungi, or a combination of them, and causes
inflammation and fluid accumulation in the lung
parenchyma [4]. The results of the X-ray image for
Pneumonia can be seen in figure 3 below.

Figure 3. Pneumonia

Tuberculosis, is caused by the bacteria mycobacterium
tuberculosis and is a long-term or chronic infection.
This disease usually attacks the lungs regardless of age
or gender. This bacillus bacteria is so strong that it takes
a long time to treat it. This bacteria infects the lungs
more often than other parts of the human body, so the
most common tuberculosis in Indonesia is pulmonary
tuberculosis [22]. The results of the X-ray image for
Tuberculosis can be seen in figure 4 below.

Disease (COPD) characterized by a productive cough
for more than 3 months in 2 years. This condition
involves inflammation of the bronchial tubes that
connect the trachea to the lungs. Early symptoms of
bronchitis often resemble an upper respiratory
infection, such as a runny nose, sore throat, muscle
aches, and a low-grade fever that usually does not
exceed 39°C and resolves within 3-5 days. Fever is
more common if the cause is a virus such as adenovirus,
influenza, or Mycoplasma pneumoniae [23]. Acute
bronchitis has symptoms such as a cough with phlegm
accompanied by shortness of breath or chest pain when
coughing, nasal congestion, headaches and persistent
fever and can last for 2 weeks. Acute bronchitis can be
caused by exposure to hazardous substances and
cigarette smoke, as well as being influenced by
allergies, a family history of lung disease, recurrent
lower respiratory tract infections, and frequent
exposure to pollution and chemicals in the form of
smoke [24]. The results of the X-ray image for
Bronchitis can be seen in figure 5 below.
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Figure 5. Bronchitis

To ensure the validity and generalization of the model,
the data is divided into two parts with an 80:20 ratio for
training and testing. Additionally, model evaluation is
performed using 5-fold cross-validation, accompanied by
evaluation metrics such as confusion matrix, precision,
recall, and F1-score to avoid overfitting and provide a more
comprehensive view of performance.

I11. RESULT AND DISCUSSION

The results of this study will implement the application of
GLCM and LDA methods to classify lung diseases in Pidie
Jaya Hospital based on X-ray results. Application of the
GLCM method to analyze the characteristics of lung tissue
texture by extracting relevant texture features such as
contrast, correlation, energy and homogeneity. Application
of the LDA method to classify the extraction results from
GLCM so that the LDA method can separate and classify
various types of lung diseases.

A. Preprocessing
The preprocessing stage is a very important initial step in
the lung disease classification system to prepare X-ray
images so that the data used has good value. The
preprocessing process is carried out to improve image
quality, eliminate noise, and standardize image formats so
that they can be processed optimally by the feature extraction
algorithm. The following are the stages of preprocessing:
1. Image Resizing
The image resizing process is carried out to equalize
the size of all X-ray images to 256x256 pixels. Images
from Pidie Jaya Hospital have varying sizes due to
differences in tools and settings when taking them.
The bilinear interpolation method is used to maintain
image quality and minimize distortion.
2. Grayscale Conversion

RGB image conversion to grayscale is done because
diagnostic information in X-ray images is in
grayscale intensity. This process reduces data from 3
channels to 1 channel, thus speeding up the
computation. The conversion uses a standard formula
with different weights for each channel according to
human visual perception.

3. Noise Reduction
Noise reduction is performed using a 3x3 Gaussian
filter to remove interference from various sources
such as equipment or the digitizing process. This
filter was chosen because it effectively reduces noise
without removing important details and image edges.

4. Intensity Normalization
Pixel intensity normalization converts image pixel
values to the range 0-1 by dividing them by 255. The
goal is to equalize the data scale, avoid bias between
images, speed up convergence during training, and
improve numerical stability.

The preprocessing pipeline did not include thresholding,
cropping of the lung region, or image enhancement
techniques. As such, some background noise or irrelevant
regions may still be present in the input, which could affect
feature extraction and classification performance.

B. Gray Level Co-occurrence Matrix

To learnings the texture characteristics of 300
preprocessed lung X-ray images, the Gray Level Co-
occurrence Matrix (GLCM) method was used for feature
extraction. The dataset consists of a balanced distribution
with 75 images for each category (Bronchitis, Pneumonia,
Tuberculosis, and Normal). The optimized parameters
include 1 pixel spacing, four directions (0°, 45°, 90°, 135°),
and 256 gray level quantization, with symmetry and normal
settings enabled. In this process, 16 texture features (4
features x 4 directions) were generated for each image,
which were used as input for the classification stage. The
following table shows the complete descriptive statistics for
the overall GLCM features extracted from 300 lung X-ray
image samples with key textures such as contrast,
correlation, energy, and homogeneity:
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TABLE | TABLE 11I
GLCM FEATURE STATISTICS BASED O N DIRECTION CLASS STATISTICS IN DATASET
Fiture Direction Min Max Mean ;:fi';?:s Cl ass Number Of AVG rage
0° 4,54 327,95 79.07 51.16 — Samples variance
45° 9.71 39987 121 68,34 Bronchitis 60 0,8322
Contrast 90° 5.78 208.33 51.65 40.64
135° 102 386,81 122.92 68.72 Normal 60 0,7226
0°® 0,936 0.999 0.991 0,006 H
Corelati 45¢ 0,926 0.998 0.985 0,008 Pneumonla 60 1’374
crreiation 00° 0.972 0.999 0.994 0.005 Tuberculosis 60 0,764
135° 0,923 0,997 0,985 0,008
0° 0,014 0,185 0,042 0,023 i
Energy 45° 0.013 0,172 0,039 0,022 From Table 1ll, it can be seen that each class has a
) 90° 0,018 0,177 0,045 0,023 balanced sample distribution (60 samples per class), but with
135° 0,013 0.171 0,039 0,022 dff t . Th Pn m ni I h W th hl h t
o o161 0.623 03853 0001 ifferent variances. The Pneumonia class shows the highes
Homogencity 45 0.135 0.545 0.331 0,086 variance (1.3740), indicating high feature variability within
. 90° 0,205 0.621 0421 0,092 the class. In contrast, the normal class has the lowest
= s . oo :
L 0.133 0338 0331 0.086 variance (0.7226), indicating good consistency of feature

The table | above shows that the contrast feature shows
the highest variability, with a standard deviation of 68.72 in
the 135° direction, indicating significant texture differences
between samples. The correlation feature also shows high
consistency, with an average value above 0.98 for all
directions, indicating that the texture structure in the lung X-
ray images is relatively regular. The 90-degree direction
consistently shows more stable energy and homogeneous
values.

The following table shows the characteristics of the
GLCM features for each disease class in the 0° direction.
This shows the texture differences between diagnosis
categories:

TABLE Il
GLCM FEATURE CHARACTERISTICS PER CLASS (DIRECTION 0°)
Class Contrast Correlation Energy Homogeneity
Normal 191,48 0,984 0.071 0,494
Tuberculosis 178,18 0,985 0.044 0,399
Bronchitis 143.9 0,987 0,051 0,397
Pneumonia 84,04 0,991 0,028 0,366

The table 1l above, it can be seen that the Normal class
has the highest contrast value (191.48) and the highest energy
(0.071), indicating a healthy lung structure with normal
texture variations. In contrast, the Pneumonia class has the
lowest contrast value (84.04) but the highest correlation
value (0.991) indicating a more homogeneous texture due to
the consolidation process. Bronchitis and tuberculosis show
intermediate features, which can be distinguished by
combining all of these features.

C. Linear Discriminant Analysis (LDA)

The implementation of the Linear Discriminant Analysis
(LDA) method was carried out to classify lung diseases based
on 16 GLCM features that have been extracted from 300 X-
ray images. The classification process uses data division with
a ratio of 80:20 for training data and test data, resulting in
240 samples for training and 60 samples for testing.

characteristics for healthy lung conditions.

TABLE IV
SUMMARY OF PREDICTION ACCURACY AND DISTRIBUTION PER CLASS
Class Total Correct Wrong Accuracy Incorrect
Sample | Prediction | Prediction : Distribution
s 3=N L,
Bronchitis 15 10 5 66.70% | _poa
2—Pneumonia
Normal 15 7 8 46700, | S Bronehitis,
2— Others
4—Tuberculosi
M 0,
Pneumonia 15 8 7 53,30% ¢ 3 Others
2—
Tuberculosis 15 12 3 80% Pneumonia,
1— Normal

From Table IV, it can be seen that Tuberculosis has the
highest accuracy (80.0%), followed by Bronchitis (66.7%),
Pneumonia (53.3%), and Normal (46.7%). The
misclassification pattern shows that Bronchitis is often
predicted as Normal, Pneumonia is often predicted as
Tuberculosis, and Normal is often predicted as Bronchitis.
Scatter matrix analysis shows the ability of LDA to separate
lung disease classes. Within-class Scatter (Sw) measures
variability within a class, while Between-class Scatter (Sh)
measures separation between classes. LDA maximizes the
Sh/Sw ratio for optimal separation, with the results showing
that this method successfully creates an effective
discriminant space to distinguish the four disease categories.
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Top Probability Distribution Chart per Category

Tuberculosis (Max} 0.809
Tuberculosis (Avg) 0.684
Tuberculosis (Min) 0.570

Bronchits (Max) _ osz0

Bronchitis (Avg) 0.455

Bronchitis (Min) 0.354

0.0 0.2 0.4 0.6 0.8 10
Probability Value

Figure 6. Highest Probability Distribution per Category

From Figure 6 above, it can be seen that the Tuberculosis
class shows a higher and more consistent probability
distribution than Bronchitis. Tuberculosis has a maximum
probability of 0.809 and a minimum of 0.570, indicating
relatively high confidence. In contrast, Bronchitis has a lower
probability range (0.354-0.520), indicating higher
uncertainty in the classification.

Projection Coordinate Distribution in Discriminant Space

=2 -1 0

2 3 4

Figure 7. Distribution of Projection Coordinates in Discriminant Space

From Figure 7, it can be seen that Tuberculosis samples
tend to be concentrated in the right quadrant (positive X),
indicating good separability from other classes. Bronchitis
samples show a wider distribution, with some misclassified
samples in areas that overlap with other classes. This
projection confirms that LDA has succeeded in creating a
discriminant space that provides relatively good separation,
although there is still overlap between certain classes.

D. Model Evaluation

The LDA model evaluation was conducted using various
metrics to comprehensively measure the performance of lung
disease classification. The evaluation included confusion
matrix analysis, precision metrics, recall, Fl-score, and
cross-validation to ensure model robustness. A test dataset
consisting of 60 samples (15 samples per class) was used to
produce an objective evaluation of the model's ability to
classify the four disease categories.

1. Confusion Matrix LDA Classification

The confusion matrix provides a detailed overview of the
classification performance for each class and the error
patterns that occur.

TABLE V
CONFUSION MATRIX LDA CLASSIFICATION RESULTS
Actual/Predicted | Bromkitis | Normal | Pneumonia | Tuberkulosis
Bronkitis 10 2 3 0
Normal 6 7 1 1
Pneumonia 1 0 8 6
Tuberkulosis 0 1 2 12

From Table V, it can be seen that the model shows the
best performance for the Tuberculosis class with 12 correct
predictions from 15 samples. The Bronchitis class has 10
correct predictions but is often predicted as Normal (2 cases)
and Pneumonia (3 cases). The Normal class shows the
greatest confusion with 6 samples predicted as Bronchitis,
indicating significant overlap in characteristics. Pneumonia
has moderate performance with 8 correct predictions, but 6
samples are predicted as Tuberculosis, indicating similarity
in texture patterns between the two diseases.

In medical diagnosis, the clinical consequences of
classification errors are critical. Based on the confusion
matrix results, several important observations can be made.
The model achieved 12 correct classifications out of 15 for
Tuberculosis, but 3 samples were misclassified, which could
include false negatives (e.g., Tuberculosis classified as
Normal or other diseases). False negatives in TB detection
are particularly dangerous, as they can lead to undiagnosed
cases and potential spread of infection. Conversely, false
positives—such as Normal cases misclassified as
Tuberculosis—may cause unnecessary anxiety, treatment,
and resource usage. Thus, reducing false negatives for TB
should be prioritized in future improvements, even if it
means tolerating slightly higher false positives. This
emphasizes the need for sensitivity-optimized models in
clinical applications.

2. Metric Analysis

Detailed evaluation using TP, FP, FN, and TN metrics
provides an in-depth understanding of the error
characteristics of each class.

TABLE VI
EVALUATION METRICS ANALYSIS PER CLASS

Class TP | FP | FN | TN | Precision | Recall | Specificity | F1-Score

Bronchitis | 10| 7 | 5 | 38 | 05882 |0,6667 | 0,8444 0,625
Normal 716|842 0,7 0,4667 | 09333 0,56
Pneumonia | 8 | 7 | 7 | 39 | 05714 |0,5333| 0,8667 05517
Tuberculosis | 12| 3 | 3 | 38 | 06316 0.8 0,8444 0,7059

Overall 3723 23 |157

JAIC Vol. 9, No. 4, August 2025: 1406 — 1414



JAIC

e-1SSN: 2548-6861

1413

From Table VI, it can be seen that Tuberculosis has the
highest recall (0.8000) and the best F1-score (0.7059),
indicating a very good model ability in detecting tuberculosis
cases. Normal has the highest precision (0.7000) and the best
specificity (0.9333), indicating a low false positive rate.
Bronchitis shows good recall (0.6667) but moderate
precision (0.5882) due to overlap with other classes.
Pneumonia has a balanced but relatively low performance
with an F1-score of 0.5517.

3. Overall Accuracy and Cross Validation

The LDA model achieved an overall accuracy of 61.67%
(37 correct predictions out of 60 total samples) on the test
dataset. Cross-validation was performed using 5-fold cross-
validation to ensure model robustness and avoid overfitting.

TABLE VII
CROSS VALIDATION RESULTS (5-FOLD CROSS-VALIDATION)

Fold Accuration | Precision | Recall | F1-Score

Fold 1 51,70% 0,55 0.52 0,53

Fold 2 43,30% 0.48 0.43 0.45

Fold 3 43,30% 0,49 0.43 0,46

Fold 4 40,00% 0.45 0.4 0.42

Fold 5 45,00% 0,51 0.45 0,48
Average 44.67% 0.5 045 0.47

From Table VII, it can be seen that the average cross-
validation accuracy is 44.67% with a standard deviation of
+3.86%, indicating relatively good consistency 48 between
folds. Fold 1 shows the best performance (51.7%) while Fold
4 has the lowest performance (40.0%). Moderate accuracy
variation indicates that the model has fairly good stability but
there is still room for improvement.

4. In-depth Analysis and Performance per Class
Individual performance evaluation for each class shows
different characteristics in classification ability.

TABLE VIII

WEIGHTED AVERAGE PERFORMANCE SUMMARY
Weighted

Metric | Bronchitis | Normal | Pneumonia | Tuberculosis
Average
Precision 0,59 0.7 0,57 0,63 0.62
Recall 0,67 047 0,53 0.8 0.62
F1-Score 0.62 0.56 0,55 0.71 0.61
Support 15 15 15 15 60

From Table 8, it can be seen that the weighted average for
precision, recall, and F1-score shows consistent values

around 0.61-0.62, confirming the overall accuracy of the
model at 61.67%. Tuberculosis shows superior performance
with an Fl-score of 0.71 and a recall of 0.80, while
Pneumonia has the lowest performance with an F1-score of
0.55.

LDA F1-Score Performance Chart per Class

Tuberculosis 0.7

Bronchitis

Pneumonia

0.0 0.2 0.4 0.6 0.8 1.0
F1.Score Value

Figure 8. F1-Score LDA Performance per Class

From Figure 8, it can be seen that Tuberculosis has the
highest Fl-score, indicating the best balance between
precision and recall. Bronchitis shows good performance,
while Normal and Pneumonia have relatively similar but
lower F1 scores. This pattern indicates that the
characteristics of GLCM features for tuberculosis are most
easily distinguished by the LDA algorithm.

IV. CONCLUSION

This study successfully implemented a combination of
Gray Level Co-occurrence Matrix (GLCM) and Linear
Discriminant Analysis (LDA) methods for lung disease
classification based on X-ray images. The GLCM method
was used to extract important texture features such as
contrast, correlation, energy, and homogeneity, while LDA
served as a classification method to distinguish between
types of lung diseases. The experimental results showed that
the Tuberculosis class had the highest accuracy of 80%,
showing the most consistent and easily recognizable texture
characteristics. The overall accuracy of the model reached
61.67%, with additional evaluation through 5-fold cross-
validation showing an average accuracy of 44.67%.
Evaluation using precision, recall, F1-score, and confusion
matrix metrics showed that Tuberculosis had the best
classification performance (F1l-score: 0.71), while
Pneumonia had the lowest performance (F1-score: 0.55).
Although the model shows quite good performance,
especially for Tuberculosis detection, there are still
challenges in distinguishing the Bronchitis, Pneumonia, and
Normal classes due to overlapping textures between the
categories. This opens up opportunities for further
development by adding more complex feature extraction
methods or classification algorithms.

Application of Linear Discriminant Analysis Method With Gray Level Cooccurrence Matrix Method for Classification of
Lung Disease Diagnosis Based on X-Ray Results (Nuriana, Zahratul Fitri, Ar Razi)
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To improve classification  performance, future
developments can incorporate additional features such as
shape statistics that represent the anatomical structure of the
lungs, as well as wavelet transformations to capture
frequency and spatial information from X-ray images. This
research only uses LDA as a classification method without
comparing its performance with other algorithms. To gain a
more comprehensive understanding, future research could
perform a performance comparison with other algorithms
such as SVM, KNN, and Random Forest to determine the
most optimal classification method for this dataset.
Additionally, the application of dimensionality reduction
techniques such as Principal Component Analysis (PCA) or
t-Distributed Stochastic Neighbor Embedding (t-SNE) could
help visualize the feature space, offering insights into the
degree of overlap among classes and the separability of data.
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