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ABSTRACT

Alung tumor is an abnormal mass of cells inside a body. As a benign tumor
is unproblematic, but a malignant tumor is cancerous because it can travel
across the body and interfere with its surrounding tissue. Detecting these
cancerous cells in the lung is important because delayed detection may
hamper effective treatment options, leading to a lower survival rate.
However, classifying tumor malignancy is highly dependent on the
knowledge and experience of the radiologist. This study combines texture-
based features extracted from lung Computed Tomography Scan (CT
Scan) images such as Gray Level Co-occurrence Matrix (GLCM), Gray
Level Run-length Matrix (GLRLM), Gray Level Size-zone Matrix (GLSZM),
and Haralick Features aims to create a lung tumor classification system.
This research contributes by creating an efficient and reliable system
through Relief-F feature selection that uses features with the highest
weight in rank that are able to differentiate classes of tumor malignancy
and help medical professionals diagnose tumors more early in the
treatment. As a comparison, several conventional machine learning
classifiers, including SVM RBF, KNN, RF, DT, and XGBoost, were utilized
to evaluate classifier performance. The result showed that the accuracy of
the proposed hybrid features with a random forest classifier was the most
performing approach with an evaluation score of accuracy of 99.55%,
precision of 99.55%, recall of 99.55%, and F1-Score of 99.54%.
Furthermore, accuracy among other classifiers was also higher than 90%.
Proofing the selected features retain essential class information,
demonstrating the study’s applicability in developing automated lung
tumor classification systems from CT scans.
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. INTRODUCTION

A tumor is a group of abnormal cells in a body. Cells are
considered tumors when they divide more than usual and
do not die as they should. A Benign tumor stays in place
without attacking other areas in the body, inversely, a
malignant tumor is cancerous because it grows
uncontrollably and spreads to other areas through the
bloodstream or lymphatic system [1]. Lung cancer itself is
a type of cancer with the highest mortality and incidence
than other type of cancer in the world. In 2022, there were
2,480,675 lung cancer cases, with a total death of
1,817,469 [2]. In Indonesia in the same year, lung cancer
became the most common type of cancer in men with
29,107 new cases meeting 15.4% of all types of cancer in
Indonesia, In addition, lung cancer became the second
most common type of cancer after breast cancer with
38,904 new cases [3]. One obstacle in lung cancer care
is the difficulty of early diagnosis. These malignant
cancerous tumors in the lungs need to be detected quickly
to avoid spreading [1]. A delayed diagnosis may limit
treatment possibilities, thus, reducing survival chances
[4]. Currently, chest radiographs are the primary
radiological examination used to diagnose suspected lung

cancer, and CT Scan is a more effective radiological
examination for the diagnosis of lung cancer [5]. However,
behind its effectiveness, radiologists' expertise,
experience, and analytical skills are crucial for tumor
malignancy classification. Thus, an automated process is
needed that can support radiologists to classify tumors
with high accuracy and through non-invasive procedures
[6].

Many researchers have attempted to create a model
for the classification and segmentation of lung cancer,
including deep learning. A study by [7] used Ebola
Optimization Search Algorithm (EOSA)-Convolutional
Neural Network (CNN) architecture, resulting in an
accuracy of 93,21% and an F1-Score of 92,72%. [8]
utilized other architecture, namely fine-tuned VGG-19
with Principal Component Analysis (PCA) and Adaptive
Neuro-Fuzzy Inference System (ANFIS), resulting in an
accuracy of 92,73% and an F1-Score of 91,59%. Another
approach is taken by [9], using an autoencoder to extract
features and SVM for the classification. This method
achieved an accuracy of 97% and F1-Score of 96%. Deep
learning provides valuable insights, but the complexity of
many models restricts their use in real-time settings.
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Designing lightweight models optimized for edge
computing holds the potential to reshape lung cancer
diagnostics. Ensuring model development considers both
optimal efficiency and adaptability for real-world medical
use. [10].

The technique that can be applied to solve this problem
is to perform feature extraction and feature selection. The
texture feature extraction method is widely used because
it is relatively easier to implement [11]. Moreover, the
texture feature is important because it can interpret the
micro and macro-level features in the image [12].
Whereas, a good feature selection can maintain the
physical perception of the original feature by retaining
some key features and can reduce computing costs and
improve classification performance [13]. In [14], features
used are GLCM and Gabor Filter, the research achieved
accuracy of 89,89% and 97,94% of F1-Score. [15] take a
different approach combining GLCM features and Local
Binary Pattern (LBP) getting accuracy of 93% and 92,50%
F1-Score. Another manual texture extraction is in
research [16], using Binary Count Ratio (BCR) feature
and Euclidean distance as the classifier, as a result, this
approach achieved an accuracy of 98.32% and an F1-
score of 97.05%.

Although many types of features are already utilized
for lung tumor classification, there is no clear result of
what features are important for the classification process.
GLCM, GLRLM, GLSZM and Haralick features has shown
a promising result in [17] where from previous research,
the study able to increase accuracy in classifying non-
small cell lung cancer (NSCLC) and small cell lung cancer
(SCLC) up to 9.49% showing its capability in differentiate
lung cancer type. Thus, by using feature selection, this
research aims to fill this gap by combining texture-based
features such as GLCM, GLRLM, GLSZM, and Haralick
Features and provide information on important features in
lung tumor classification and its effectiveness in
classifying lung tumor from CT Scan images using
conventional machine learning classifiers, including
support vector machine radial base function (SVM RBF),
KNN, RF, XGBoost, and DT. The contributions of this
study are 1) Combining texture-based features as a
feature vector for classification, 2) Feature efficiency in
classification through Relief-F feature selection, which
minimizes the size of the feature vector, 3) Better
understanding of features that are useful for lung tumor
classification, 4) a lightweight method of classifying lung
cancer, therefore increasing accessibility in places with
limited resources.

The study is divided into distinct sections. In Section I,
the dataset, methods, and classification approaches are
reviewed. Section Il outlines the results. Section IV offers
an analysis, comparing findings with existing literature
and discussing limitations. Section V concludes the study,
highlighting primary insights and potential future work.

Il. Materials and Method
Dataset Pre-Processing
The IQ-OTH/NCCD lung cancer dataset [18] used in this

research is from Kaggle and publicly available to
download at https://www.kaggle.com/hamdallak/the-
igothnced-lung-cancer-dataset. Previous research and
study mentioned earlier also use the same dataset. This
dataset contains three label of lung CT Scan: malignant,
benign, and normal. The dataset was acquired over three
months during fall 2019 at The Irag-Oncology Teaching
Hospital/National Center for Cancer Disease, comprising
1097 images from 110 cases marked by an oncologist and
a radiologist. All images are grayscaled without any
weighting. Distribution of each classes are shown in Table
1. Fig. 1 displays dataset’'s sample image of each class.

Table 1. Dataset Class Distribution

Class Number of Samples
Malignant 561

Normal 416

Benign 120

(b)
Fig. 1. Dataset’s image sample of each class, (a)
Benign, (b) Malignant, (c) Normal.

Feature Extraction
Rather than depending on a single type of feature, this
research utilized a hybrid approach that incorporates a
diverse type of texture-based features.
1. Gray Level Co-occurrence Matrix (GLCM)
GLCM applies statistical methodologies to extract
meaningful features. GLCM interprets pixel spatial
relationships using a gray-level dependency matrix [19].
This co-occurrence matrix is formed in four specific
adjacencies (0°, 45°, 90°, and 135°). Then, with the
process of averaging each of those orientations, the final
GLCM matrix is generated [20]. 24 GLCM features used
in this research are shown in Table 2.
2. Gray Level Run-length Matrix (GLRLM)
GLRLM uses a computational approach for the amount
of gray level runs at varied lengths. A gray level runs is a
collection of linearly adjacent points or pixels of images
with the same grayscale value. The GLRLM matrix has a
size a X b where a depicts the highest intensity value in
the grayscale, and b is the maximum run length [21]. 16
GLRLM features used in this study are shown in Table 3.

3. Gray Level Size-zone Matrix (GLSZM)

GLSZM calculates the number of groups or zones of
neighboring pixels that are interconnected with the same
degree of grayness to form the basis of a matrix. The more
homogeneous the texture, the wider and flattering the
matrix produced [22]. A size-zone is defined as an
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interconnected voxel with a distance of 1. 15 GLSZM
features used in this research are shown in Table 4.

Table 2. List of GLCM Features

No. Feature Name

1 Informational Measure of Correlation (IMC) 1
2 Inverse Difference (ID) / Homogeneity 1

3 Inverse Difference Normalized (IDN)

4 Sum Squares

5 Cluster Prominence

6 Informational Measure of Correlation (IMC) 2
7 Correlation

8 Cluster Shade

9 Maximal Correlation Coefficient (MCC)
10 Cluster Tendency

11 Joint Energy

12  Inverse Difference Moment Normalized (IDMN)
13 Autocorrelation

14 Joint Average

Inverse Difference Moment (IDM) /

15 Homogeneity 2

16 Sum Average

17 Inverse Variance

18 Contrast

19 Difference Average

20 Joint Entropy

21 Maximum Probability

22 Difference Entropy

23 Sum Entropy

24 Difference Variance

4. Haralick Features

The haralick texture feature is a statistical feature used to
describe the overall texture of an image [23]. The haralick
feature is obtained from GLCM, which examines the
spatial interactions among adjacent pixels. Rotational
invariance is an important criterion for features extracted
from images due to their resistance to the rotated image.
By computing the mean value at each orientation (0°, 45°,
90°, and 135°), the Haralick feature becomes invariant
through this averaging process. This procedure
guarantees that features remain stable and dependable
nonetheless of image orientation, thereby fortifying
reliability of the analysis [24]. 13 Haralick features used in
this research are shown in Table 5.

A. Feature Selection

Relief-F is utilized in this research as shown in schematic
diagram in Fig. 2. Relief-F operates by randomly choosing
samples and identifying the nearest neighbors within the
same class. Then, for the selected sample, its value is
compared against the hits and misses of the k nearest
neighbors, and then the relevance value of each feature
is updated. [25]. In Relief-F, feature weight is an important
metric used to measure the relationship between the
distance value between the original feature set and
feature A [26].
}‘Zldiff(A,R,Hj)

wlA] = wl4] - 22O Ly ™
D(C) = Beactasstr iprgensgay Zier AU f (A RM(C)1/ (k) (2)

The equation for Relief-F is shown in Eq. (1) to Eq. (3) [26]
where w[A] is feature weight and D(C) is the weighting
equation for the misses instances. Let R be a random
sample drawn from the dataset, m be the total number of
sample randomly selected, and k be number of nearest
neighbors considered. The term class(R) identifies the
class to which sample R belongs. Furthermore, P(C)
represents the fraction of the number of samples’ selected
features to the overall total of features across all samples’
classes.

Table 3. List of GLRLM Features

No. Feature Name

Short Run High Gray Level Emphasis
(SRHGLE)

2 Gray Level Non-Uniformity Normalized (GLNN)
Long Run High Gray Level Emphasis

3 (LRHGLE)

Run Length Non-Uniformity Normalized
4 (RLNN)
5 Run Entropy (RE)
6 Short Run Emphasis (SRE)
7 Run Percentage (RP)
8 Long Run Emphasis (LRE)
9 Low Gray Level Run Emphasis (LGLRE)
10 Gray Level Variance (GLV)
11 Long Run Low Gray Level Emphasis (LRLGLE)
12 Gray Level Non-Uniformity (GLN)
13 Run Length Non-Uniformity (RLN)

. Short Run Low Gray Level Emphasis
14 (SRLGLE)
15 Run Variance (RV)

16 High Gray Level Run Emphasis (HGLRE)
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Table 4. List of GLSZM Features

Table 5. List of Haralick Features

No. Feature Name No. Feature Name
1 High Gray Level Zone Emphasis (HGLZE) 1 Sum Variance
Small Area High Gray Level Emphasis 2 Sum of Squares : Variance
2 (SAHGLE) 3 Angular Second Moment
Large Area High Gray Level Emphasis 4 Difference Variance
(LAHGL_E) . 5 Informational Measure of Correlation 2
Gray Level Non-Uniformity (GLN) 6 Inverse Difference Moment
Large Area Low Gray Level Emphasis .
5 (LALGLE) 7 Correlation
6 Gray Level Variance (GLV) 8 Entropy
7  Gray Level Non-Uniformity Normalized (GLNN) 9 Sum Average
8  Size-Zone Non-Uniformity Normalized (SZNN) 10 Informational Measure of Correlation 1
9 Low Gray Level Zone Emphasis (LGLZE) " Sum Entropy
10 Zone Percentage (ZP) 12 Contrast
11 Size-Zone Non-Uniformity (SZN) 13 Difference Entropy
: In this framework, H denotes the k-nearest neighbor
12 Large Area Emphasis (LAE) sample that comes from the same class as R, while M
13 Small Area Emphasis (SAE) refers to the k-nearest neighbor drawn from a different
14 Zone Entropy (ZE) class lt.han R. Moreover, the expression diff(A, Ry, R2)
. quantifies the difference, for feature A, between R; and
Small Area Low Gray Level Emphasis R.. Finally, M;(C) specifies the jth k-nearest neighbor
15 (SALGLE) within class C. The formula for dif f (A, R4, R>) is provided

as Eq. (3). [26]
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IR1[A]-R[A]l

- continuous
. max(A)—-min (4)
dif f(A, Ry, Ry) = { 0 discrete,R,[A] # R,[A] 3)
1 discrete,R;[A] = R,[A]

B. Data Balancing

Random Oversampling (ROS) is implemented to balance
the dataset’s class distribution. A naive resampling
method that does not use any heuristic and data
knowledge and by randomly duplicating existing minority
instances or synthesizing new ones, the method balances
the dataset until the target class distribution is reached.
[27]. The increased number of minority sample create a
balance between classes [28]. Because it duplicates
multiple instances, using ROS may lead to overfitting [29].

C. Classification

After the texture features of the CT Scan are extracted
and selected, those features are inserted into machine
learning models to be trained. This research uses five
types of machine learning: SVM RBF, DT, RF, KNN, and
XGBoost. These methods are also shown in Fig. 2.

1. SVM Radial Base Function (SVM RBF)

SVM is one of supervised machine learning algorithms.
The researchers used SVM because its hyperplanes can
differentiate classes. SVM employs the principle of
maximum margin classification and, thanks to its
deterministic nature, SVM avoids local minima [30]. The
dual form of SVM mini, SVM is calculates as a
minimization problem shown in Eq. (4) [31]. While, The
RBF kernel is expressed in Eq (5) [31]. Fig. 3 displays
visualization of SVM.
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Fig. 3. SVM visualization without kernel function [32]
1
miniz Yiayia K (x;x;) — Z a;

i

subjec?to Yivia; =0
with0 < a; < C (4)
K(x%;) = exp (—Vllxl-—x,-llz) (5)
Let x represents input feature or data point and y is
class label associated with training features. The
parameter y controls the rate at which a point's influence

decreases as the distance increases. With the increase in
¥, The decision surface grows curvier, fitting tightly to the

training data. Asmaller y value will create a flatter decision
surface, and a simpler model [31].

2. Decision Tree (DT)

DT is a classification method that does not require
predefined parameters, making it an effective choice for
handling multiclass classification. DT constructs a tree-
shaped decision framework using training data, beginning
with root and leaf nodes referred to as internal nodes. At
each node, the algorithm selects the most relevant feature
along with its associated threshold value [32]. Fig. 4
displays visualization of DT.

o ® :.o o ©®
® .. e®e’
® e Root ®
True X1 >a? False
e © .. ® Leafeg ©
int&male” o ® - o
node® ® d
True %, > p>\False
o ° Leaf ¢ °
oo o
Leaf o e ®

Fig. 4. DT visualization with two features [32]

3. Random Forest (RF)

RF is one of ensemble learning method. RF constructs
more than one decision trees in parallel using
bootstrapping and then aggregates their predictions, a
process known as bagging. Bootstrapping involves
training multiple individual DTS simultaneously on diverse
different sets of the training data, utilizing different sets of
features [32]. Fig. 5 displays visualization of random
forest classification.
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Fig. 5. RF visualization with four features (X1,X2,X3,Xa)
and two classes (Y=1,2) [32]

4. K-Nearest Neighbor (KNN)
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KNN is an algorithm that is widely used for supervised
learning technique. KNN makes predictions by analyzing
the real-time data structure as soon as it is introduced to
new data, without the need for an explicit training phase
beforehand. KNN works on the principle of probability
similarity, where data points sharing similar characteristics
naturally cluster together, which means that predictions
are driven by how closely new data aligns with the clusters
formed by the training set. [33].

5. XGBoost

XGBoost is a machine learning ensemble that leverages
gradient boosting. The process begins with making many
bootstrap samples, then, learning is carried out using DT,
where the residue from a tree is calculated and used as a
weight for the successor tree. This update is repeated
until all learning is done taking into account the residue,
resulting in lower errors as the update occurs along the
direction of the negative gradient. XGBoost leverages
gradient-based optimization to fine-tune its loss function
while incorporating regularization techniques that curb
overfitting and manage the model's complexity. [34].

D. Evaluation

Evaluation metrics used in this research are shown in Eq.
(6) to Eq. (9) [35]. In evaluating the performance of loss
functions in the problem of data scarcity, several metrics
that can be considered include sensitivity, accuracy, F1-
Score, precision, and area under the curve [36].

Accuracy = — PN (6)
TP+TN+FP+FN

Precision = — (7)
TP+FP

Recall = -~ (8)

TP+FN
Precision x Recall
Flscore = 2 Precision + Recall (9)

Precision + Recall

A True Positive (TP) counts the instances that actually
belong to a certain positive class and are correctly
identified as positive. Conversely, a True Negative (TN) is
the number of instances outside that positive class which
are accurately classified as negative. A False Positive
(FP) occurs when an instance that does not belong to the
positive class is mistakenly predicted as positive, while a
False Negative (FN) happens when an instance that
should be considered positive is incorrectly labeled as
negative.

Accuracy represents the ratio of correctly classified
images to the total number of images evaluated. Precision
indicates the proportion of true positive predictions among
all images identified as positive. Sensitivity (or recall)
reveals the percentage of actual positive cases that were
correctly detected. The F1-Score is computed by taking
the harmonic mean of precision and recall, which delivers
a balanced assessment of both metrics.

Ill. RESULTS
A. Feature Extraction

Feature extraction is carried out after data acquisition and
data preprocessing in the form of image grayscaling to
retrieve texture information contained in the image. This
research uses a combination of GLCM, GLRLM, GLSZM,
and Haralick features. Extraction is done on the entire
image without a segmentation process and uses the
whole section as a region of interest (ROI). The extraction
process produces data in the form of comma-separated
values containing each feature's values for each image.

1. GLCM Features

The GLCM Texture Features in this study amounted to 24.
The texture result was obtained by setting the pixel
distance to 1 and the mean or average for each angle of
the GLCM neighbourhood, namely 0°, 45°, 90°, and 135°.
Every extracted feature’s name is shown in Table 2.

2. GLRLM Features

The GLRLM Texture Features in this study amounted to
16. The texture results were obtained with the mean or
average for each angle of the GLRLM neighborhood,
namely 0°, 45°, 90°, and 135°. Every extracted feature’s
name is shown in Table 3.

3. GLSZM Features

The GLSZM Texture Features in this study amounted to
15. The texture result is obtained on the condition that a
connected voxel has a distance of 1. Every extracted
feature’s name is shown in Table 4.

4. Haralick Features

The features of Haralick texture in this study are 13. The
acquisition of features was done using the Mahotas
library. Every extracted feature’s name is shown in Table
5.

B. Feature Selection

Feature selection is carried out to determine features with
good weight in distinguishing the classification label of an
image and its features. The feature selection used in this
study is Relief-F and only use the training set as shown in
Fig. 2 to prevent data leakage. Relief-F is implemented
with 10 number of neighbors and works by calculating the
weight of each feature, the features is then sorted from
the most weighted to the least weighted features. In Table
6, the most weighted features are shown in first and
second rankings, namely the gray texture feature of the
GLRLM and GLSZM level variance with a weight of
0.1567 and the less weighted texture feature is MCC
GLCM ranking the last with a value of 0.0253.

Fig. 6 shows the plot for an experiment that tested the
use of the number of features by the method used. The
plot process was carried out using the 5-Fold Cross
Validation technique on the training set. This stage is
carried out to produce a better evaluation of limited data.
In Fig. 6, the F1-Score results began to stagnate or even
decrease starting from 9 and 10 number of features. Thus,
the 10 most highly weighted features used in Relief-F in
this study. Thereafter, the training set undergoes random
oversampling before being used to train machine learning
models. Features used are shown in the table rows given
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color in Table 6. The distribution of selected features can
be seen in Table 7 showing the most widely used haralick
features of 4 followed by GLSZM, GLRLM, and GLCM

with the fewest features, namely 1.

Table 6. Relief-F Ranked Features

39 H_SumAverage 0.0651
40 H_SumOfSquares 0.0645
41 glem_lId 0.0643
42 glcm_SumEntropy 0.0633
43 glrlm_ShortRunHighGrayLevelEmphasis 0.0609
44 glszm_SmallAreaHighGrayLevelEmphasis 0.0609
45 glem_Ildm 0.0602
46 glszm_SmallAreaLowGraylLevelEmphasis 0.0601
47 glrim_ShortRunLowGrayLevelEmphasis 0.0601
48 glcm_Autocorrelation 0.0593
49 original_glcm_JointEntropy 0.0548
50 glszm_SmallAreaEmphasis 0.0544
51 glrlm_ShortRunEmphasis 0.0544
52 glrlm_HighGrayLevelRunEmphasis 0.0535
53 glszm_HighGrayLevelZoneEmphasis 0.0535
54 original_glcm_ldn 0.0518
55 glszm_SizeZoneNonUniformityNormalized 0.0494
56 glrlm_RunLengthNonUniformityNormalized 0.0494
57 glem_DifferenceAverage 0.0470
58 glem_Imc2 0.0461
59 H_InfoMeasureOfCorrelation2 0.0461
60 glszm_SizeZoneNonUniformity 0.0446
61 glrim_RunLengthNonUniformity 0.0446
62 H_Correlation 0.0364
63 H_Contrast 0.0344
64 glcm_DifferenceVariance 0.0336
65 glem_Idmn 0.0331
66 glem_Correlation 0.0331
67 glem_Contrast 0.0309
68 glem_MCC 0.0253
Table 7. Selected Features Distribution

No. Feature Name Count
1 GLCM 1

2 GLRLM 2

3 GLSZM 3

4 Haralick 4

No. Feature Name Weight
1 glrim_GrayLevelVariance 0.1567
2 glszm_GrayLevelVariance 0.1567
3 glszm_GrayLevelNonUniformityNormalized 0.1287
4 glrlm_GrayLevelNonUniformityNormalized 0.1287
5 H_InfoMeasureOfCorrelation1 0.1236
6 glem_ClusterProminence 0.1220
7 H_InverseDifferenceMoment 0.1164
8 H_DifferenceVariance 0.1118
© H_AngularSecondMoment 0.1101
10 glszm_LowGrayLevelZoneEmphasis 0.1096
1 glrlm_LowGrayLevelRunEmphasis 0.1096
12 glrlm_RunVariance 0.0998
13 glrlm_LongRunHighGrayLevelEmphasis 0.0981
14 glszm_LargeAreaHighGrayLevelEmphasis 0.0981
15 glrim_LongRunEmphasis 0.0976
16 glszm_LargeAreaEmphasis 0.0976
17 glszm_LargeAreaLowGrayLevelEmphasis 0.0908
18 glrim_LongRunLowGrayLevelEmphasis 0.0908
19 glem_MaximumProbability 0.0903

20 H_DifferenceEntropy 0.0900

21 glem_InverseVariance 0.0896

22 glem_Imc1 0.0858

23 glrim_RunEntropy 0.0839

24 glszm_ZoneEntropy 0.0839

25 H_Entropy 0.0799

26 glrlm_GrayLevelNonUniformity 0.0795

27 glszm_GrayLevelNonUniformity 0.0795

28 glem_ClusterShade 0.0794

29 H_SumEntropy 0.0735

30 glrim_RunPercentage 0.0731

31 glszm_ZonePercentage 0.0731

32 glcm_ClusterTendency 0.0727

33 glem_JointEnergy 0.0721

34 glem_SumSquares 0.0711

35 glem_SumAverage 0.0706

36 glem_JointAverage 0.0706

37 H_SumVariance 0.0663

38 glcm_DifferenceEntropy 0.0661
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SVM (RBF) - F1 Score vs. Number of Features

Decision Tree - F1 Score vs. Number of Features

Random Forest - F1 Score vs. Number of Features
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Table 9. Classes Result Comparison

Method _ F1-$core _ Pre_cision _ R(_acall
Benign Malignant Normal Benign Malignant Normal Benign Malignant Normal

SVM RBF 0.72 0.98 0.89 0.56 1.00 0.99 1.00 0.96 0.81
DT 0.84 1.00 0.94 0.81 0.99 0.96 0.88 1.00 0.93
RF 0.98 1.00 0.99 1.00 1.00 0.99 0.96 1.00 1.00
KNN =3 0.92 1.00 0.97 0.86 0.99 1.00 1.00 1.00 0.94
KNN =5 0.92 1.00 0.98 0.86 1.00 1.00 1.00 1.00 0.95
XGBOOST 0.96 1.00 0.99 0.96 1.00 0.99 0.96 1.00 0.99

C. Classification

The classification in this research uses several machine
learning methods, including SVM RBF, RF, DT, KNN=5,
KNN=3, and XGBoost. Evaluation was carried out on a
test set with 113 malignant images, 83 normal images,
and 24 benign images. The evaluation results are shown
in Table 8 with the bolded number being the highest value.

Table 8. Relief-F Ranked Features

Method Accuracy Precision Recall F1-Score
SVM RBF 0.9091 0.9462 0.9091 0.9173
DT 0.9591 0.9604 0.9591 0.9595
RF 0.9955 0.9955 0.9955 0.9954
KNN =3 0.9773 0.9799 0.9773 0.9776
KNN =5 0.9818 0.9844 0.9818 0.9823
XGBOOST 0.9909 0.9909 0.9909 0.9909

For each machine learning method used, ensemble
methods such as RF and XGBOOST show excellent
value. Both methods have evaluation results above 99%,
RF produces the best evaluation value with the highest
value of the other methods, this indicates that the RF
method is almost perfect in distinguishing each image
class. Clinically, enabling early detection with low false
positives through high precision and detecting every
cancer occurrence through high recall could improve
prognosis by having a better treatment plan.
Correspondingly, misdiagnoses of the cases may
interfere with the treatment process. Thus, minimizing
misclassification is important before implementing the
method in real medical applications. In addition to the
evaluation table, the analysis of the results was also
carried out on the class of image shown in Table 9 and
the confusion matrix shown in Fig. 7.

The confusion matrix shows the classification results
with the original label of the test set. The diagonal column,
from the top left to the bottom right, shows the number of
images classified correctly according to the original label.
Each method can perfectly classify for the malignant
class, except for the SVM RBF method with an FN of 4
images. Meanwhile, for the KNN=3 and KNN=5 methods,
the method can perfectly classify the images for benign
and malignant classes, with the FN on the normal class
images classified into benign classes. For the DT method,
Fig. 7(b) shows a classification error that is almost similar,
showing 3 FP and 6 FN for normal imagery.

Fig. 7(c) and Fig. 7(f) show excellent results. The RF

method has only 1 FN for the benign class, whereas, the
XGBoost method only has 1 FN and 1 FP for the benign
class. Some of the methods shown in Fig. 7 often show
FP for benign classes, this is because there is much less
training data for benign class images compared to other
classes, thus, there is less information related to benign
imagery as well. Table 9 also supports this observation,
showing that the benign class records the lowest F1-score
and precision among all classes due to the high number
of false positives.

IV. DISCUSSION

Other than other filter algorithm approaches, Relief-F is
used in this research as it has shown promising results in
[37]. The study specifically mentioned its performance in
accuracy, prediction score, stability, and reliability due to
its filter approach with good generalization power rather
than other selection algorithm such as mRMR that yields
slower execution time. Generalization power is important
as it represents how well a selected feature subset
performs across different classifiers, ensuring optimal
accuracy [38].

The result of this study showed that lowest F1-Score
and precision for image classification is from benign
image class, this indicates the weakness of this research
due to using ROS method in handling data imbalances is
still not optimal. One of the things that can be done to
address this is to use datasets with an even distribution
and more for each class so that the model can classify the
images with better information. In addition, the use of
other sampling methods with better result can also be
done, as balanced performance is really important for
clinical diagnosis.

Table 10 shows the evaluation of the use of feature
sets with RF classifier. The table shows the fewest feature
sets, namely Haralick with 13 features, still has more
features with a lower evaluation metric value than the
proposed method. In addition, the HLK+GLCM set that
had the same evaluation value used much more features
than the proposed method. This shows that the approach
of the proposed method that combines all features and
feature selection results in the optimal approach than the
method without feature selection.

A comparison of the performance of the image feature
classification with the other same IQ-OTH/NCCD dataset
is shown in Table 11, and the bolded numbers show the
highest values. A comparison can be seen from the
evaluation metrics and the number of features used,
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Table 10. Feature Set Comparison

No Feature Set Number of Features  Accuracy Precision Recall F1-Score
1 HLK 13 99.09 99.10 99.09 99.09
2 GLCM 24 98.18 98.27 98.18 98.16
3 GLRLM 16 93.18 93.17 93.18 93.12
4 GLSzZM 15 93.64 93.58 93.64 93.50
5 HLK + GLCM 37 99.55 99.55 99.55 99.54
6 HLK + GLRLM 29 98.64 98.67 98.64 98.65
7 HLK + GLSZM 28 97.73 97.77 97.73 97.74
8 GLCM + GLRLM 40 97.27 97.29 97.27 97.18
9 GLCM + GLSzZM 39 97.27 97.31 97.27 97.23
10 GLRLM + GLSZM 31 95.00 94.98 95.00 94.95
1 HLK + GLCM + GLRLM 53 98.18 98.18 98.18 98.18
12 HLK + GLCM + GLSZM 52 99.09 99.11 99.09 99.08
13 HLK + GLRLM + GLSZM 44 98.18 98.18 98.18 98.18
14 GLCM + GLRLM + GLSZM 55 97.73 97.77 97.73 97.73
15 HLK+ GLCM + GLRLM + GLSZM 68 98.64 98.63 98.64 98.63

referring to Table 11, the proposed method can produce
excellent results, with the value of all metrics reaching
99% with only 10 features.

The method proposed has different approach with
research [7] and [8] who uses deep learning as their
method in feature extraction and classification. Although it
used more complex approach, the proposed method can
show better performance, where the method proposed in
[7] although it produces perfect precision, the accuracy
value achieved is 93.21%, the recall is 90.71% and the
F1-Score is 92.72%. The lower recall value of this
precision is due to the large number of classification
image results that are FN. Meanwhile, for the method in
[8] the VGG-19 deep learning model that has been fine-
tuned is used to extract features combined with Principal
Component Analysis (PCA) and ANFIS to reduce the
dimension of features still produces a lower evaluation
value with the method proposed in this research with the
values for accuracy, precision, recall, and F1-Score
respectively being 92.73%, 91.22%, 91.96%, and
91.59%. This lower result may be caused by inefficient or
naive deep learning architecture that still needs more
tuning to be able to capture the needed features. In this
case, the proposed method outperforms by only using the
heavily weighted features through feature selection.

The last deep learning method compared is the
method by [9], which uses an autoencoder for feature
extraction and SVM as the classification method.
Although it showed a better evaluation score than the
previous two deep learning methods, the still
demonstrated a lower score, with accuracy, precision,
recall, and F1-Score measuring 97%, 96%, 97%, and

96%, respectively. This approach of using deep learning
also has shortcomings, primarily due to its complexity,
making it resource-intensive.

This study also compares the methods proposed with
a simpler approach by [14], which uses the GLCM and
Gabor Filter features for its classification process with
SVM Linear, RBF, and Polynomial. The amount of
features used in this method cannot be specified
specifically because the number of Gabor Filter features
is not explicitly mentioned. However, the performance of
this method can still be evaluated, where the combination
of GLCM and Gabor Filter results in an accuracy value of
89.89, which is much less than the proposed method,
where the accuracy obtained by proposed method
reaches 99%. Similar conclusions were also reached for
other evaluation metrics in the study, such as 98.55%
precision, 97.14% recall, and 97.84% F1-score.

The feature extraction approach was also carried out
in [15], who used SVM with 594 features consisting of 20
GLCM features and 574 LBP features. These features are
more than the proposed method, showing better
application method efficiency by using only 10 features. In
addition, using GLCM and LBP features still yielded lower
evaluation results, with accuracy, precision, recall, and
F1-score recorded at 93%, 94%, 93%, and 92.5%,
respectively. Both study [14] and [15] uses GLCM like the
proposed method. Similarly, both of these approaches
also achieve above 90% in most of the performances,
showing the effectiveness of the selected texture features
in the model.

For the feature extraction approach, the method in [16]
generated the second-best evaluation value. The study
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used the Euclidean Distance Classifier and the BCR
feature with as many as 64 features. The number of
features used in the study is higher than that of the
proposed method, indicating the study model's lower
efficiency in feature usage. With evaluation values of
98.32% accuracy, 98.1% precision, 96.18% recall, and
97.05% F1-score, the evaluation score of the method is
still lower than that of the proposed method. Overall, the
proposed approach can achieve the highest performance
compared to previous studies due to its improvement by
only using the relevant features. The proposed method
shows a promising opportunity for future clinical
applications with more intensive research. This can be
done by delving into the specific region of interest and
extracting the texture features.

These reduction number of features from the study [15]
and [16] are purely statistical and did not increase nor
decrease the clinical interpretability. Instead, it shows how
these statistical features' numerical value portrays the
characteristics of each lung tumor malignancy. These
values give further understanding in terms of statistical
interpretation of CT Scans.

Feature extraction is done through Kaggle’s default
notebook environment. Next, from feature selection to
testing, Google Colab Notebook is used under Google
Compute Engine with CPU as its hardware accelerator.
Table 12 shows the computational burden through
execution time and peak memory usage using Python’s
time library and tracemalloc. Every process only uses a
small amount of time and peak memory usage, showing
its promising excellence in resource-limited settings.

Table 12. Computational Cost

Execution Time Peak Memory

Step

(seconds) Usage (MB)
Feature Extraction 1142.29 52.90
Feature Selection 211.26 11.07
Classifier Training
(average) 0.53 0.27

Despite its excellent result in Table 11, before integrating
this study into real-world clinical workflows, this study has
its limitations as it relies solely on The IQ-OTH/NCCD
dataset, which may overfit, create bias, and reduce its
generalization capability in classifying real-world cases.
Thus, in future research, testing with independent
datasets or real clinical data is needed to validate the
proposed method, along with collaboration with
healthcare providers to ensure the robustness and its
possible application.

V. CONCLUSION

This study uses the combination of 1 GLCM feature,
Cluster Prominence, 2 features of GLRLM, Gray Level
Variance and Gray Level Non Uniformity Normalized, 3
features of GLSZM, Gray Level Variance, Gray Level Non
Uniformity Normalized, and Low Gray Level Zone
Emphasis, lastly, 4 features of Haralick, Informational
Measure Of Correlation 1, Inverse Difference Moment,
Difference Variance, and Angular Second Moment. These

features were obtained by the selection process using
Relief-F to select the most weighted features in the
classification process. The training and evaluation were
carried out with the same dataset, namely the I1Q-
OTH/NCCD lung cancer dataset, showing improved
performance and efficiency in using features. The
research showed that the proposed method achieved an
accuracy of 99.55%, precision of 99.55%, recall of
99.55%, and an F1-score of 99.54% using only 10
features. These results show that the hybrid feature
method between GLCM, GLRLM, GLSZM, and Haralick,
along with the Relief-F feature selection process and the
random forest classification method, has relatively high
effectiveness and efficiency. Future research using a
more balance and diverse dataset are necessary to prove
the method robustness, using a more advance sampling
technique can also be implemented to handle imbalance
data.
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