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Introduction: The diagnosis of brain tumors often involves the use of Magnetic Resonance
Imaging (MRI), with the Apparent Diffusion Coefficient (ADC) being a commonly employed
technique in current clinical practice. This study seeks to investigate the potential of using
statistical texture analysis of MRI-ADC images to distinguish between malignant and benign
brain tumors.

Methods: The research utilized 980 MRI brain ADC image slices labeled as malignant and 805
labeled as benign from 252 subjects. The clinical diagnosis of each participant was verified by
histopathological and radiological reports. The region of interest (ROI) was defined to extract
ADC values within the tumor areas. From each ROI, statistical features including higher-
order moments of ADC, mean pixel value, and texture features of Grey Level Co-occurrence
Matrix (GLCM) were extracted along with patient demographic information. The mean feature
values for each category were computed and analyzed using a one-tailed P value test at a 95%
confidence level.

Results: The average pixel value of ADC, as well as the GLCM texture features (Variance
1, Variance 2, Mean 1, Mean 2, Contrast, and Energy), were found to be significantly higher
(P<0.05) for benign tumors. In Contrast, malignant tumors exhibited significantly higher values
for kurtosis of ADC and GLCM texture features (Entropy, Homogeneity, and Correlation). The
patient’s age and other features (skewness of ADC, GLCM texture features such as Shade,
Entropy, and Prominence) did not provide sufficient evidence to reject the null hypothesis
(P>0.05).

Conclusions: In conclusion, the aforementioned features, with the exception of the patient’s
age, skewness, and GLCM features such as Entropy, Shade, and Prominence can be used as
potential biomarkers for distinguishing between benign and malignant brain tumors.

© 2023. Multidisciplinary Cancer Investigation
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INTRODUCTION

Brain tumors are masses of abnormal tissue
within the cerebrum that exhibit uncontrolled
proliferation and evade the regulatory
mechanisms that control normal cell division.
This condition can arise in individuals of any age
and is considered one of the prominent diseases
affecting the central nervous system in humans
[1]. Previous epidemiological studies indicate
that the likelihood of developing a brain tumor
at some point in their life is 29.9 per 100,000
individuals who are 20 years old or older in
the United States. Among these brain tumors,
approximately one-third are malignant, while the
remainder is benign [2, 3]. Magnetic Resonance
Imaging (MRI) is a commonly used and highly
accurate medical imaging modality in current
clinical practice for the diagnosis and therapeutic
process of brain tumors. MRI scanner utilizes
intense magnetic fields, magnetic field gradients,
and radio frequency pulses to produce high-
resolution images of internal body structures,
including the soft tissues of the brain, such as
gray matter, white matter, and cerebrospinal fluid
[4, 5]. MRI is a non-invasive medical imaging
technique that is based on the interaction between
an applied magnetic field and the nuclear spin
of atoms in the body. The MRI system applies
gradient pulses and radiofrequency pulses to
generate signals from the tissues being imaged.
The signals are processed to create images with
specific characteristics, known as MRI sequences.
This article uses specific features of diffusion-
weighted (DW) sequences of brain MRI images,
besides others to distinguish benign brain tumors
from malignant brain tumors.

Diffusion-weighted imaging (DWI) is a commonly
employed MRI technique for identifying and
classifying tumors in modern clinical practice
[6]. The direction of water molecule diffusion or
collective flow of water molecules in live tissues
can be visualized using DWI, which is founded on
the measurement of the random Brownian motion
of water molecules within a voxel of tissue [7, 8].
The distinctive attribute of this tool has led to its
widespread recognition as an essential instrument
for studying the Central Nervous System (CNS).
DW images are utilized to create Apparent
Diffusion Coefficient (ADC) maps, which require

the use of at least two types of images with
varying diffusion sensitization levels (b-values).
Typically, the lower limit is set to 0 s/mm2, while
the upper limit ranges from 600 to 1000 s/mm?2
[7, 9, 10]. However, there is evidence to suggest
that ADC image generation can benefit from upper
limits greater than 1000s/mm2 [11]. These images
represent the extent of water molecule diffusion
within live tissues and facilitate analysis of the
image’s texture features, which are characterized
by repeated patterns or elements on its surface
[12, 13]. The aim of texture analysis is to identify
a distinct method of representing the underlying
properties of textures, which can be expressed in
a simplified and distinctive manner to describe
the surface appearance of an image or object. The
Grey Level Co-occurrence Matrix (GLCM) is a
commonly used method for extracting statistical
texture features that provide information about
the spatial distribution of gray levels in grey-
scale image textures, while also taking into
account the spatial relationship between pixels
[14-17]. Essentiallyy, GLCM matrices quantify
the frequency of one grey level’s occurrence in
relation to another specified grey level within
a grey-scale image [18]. In this method, the
relationship between grey intensities of adjacent
pixels (a reference pixel and a neighboring pixel)
in an image is analyzed to understand the variation
in intensity at a specific pixel. GLCM matrices
are generated by considering two parameters: the
relative distance between the pixel pair and the
angular relationship of the pixel pair. Typically,
the orientation is classified into four angles: 0°,
45°, 90°, and 135°, and the average value of the
resulting values in all four directions is used to
extract the features (Equation 3) [18-21].

This study is subjected to applying GLCM statistical
texture features, patients’ demographics, second-
order statistics, and higher-order moments of MRI
brain tumor ADC images to distinguish between
malignant and benign brain tumors by hypothesizing
that there is a significant difference of means in
extracted feature values between benign brain
tumors and malignant brain tumors.

METHODS

The current study was a prospective analysis that



utilized 1785 MRI ADC image slices obtained from
252 subjects of both genders (with 52.97% male and
47.03% female participants) having been diagnosed
with brain tumors through radiological methods
and subsequently confirmed by histopathological
evaluation (Figure 1).
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Figure 1: Gender Distribution Among Benign and Malignant
Brain Tumor Categories

The study consisted of patients (n=252)
diagnosed with malignant (n=120) and benign
(n=132) brain tumors, covering an age range of
1 to 90 years. Patients undergoing chemotherapy
or radiotherapy and those with incomplete
patient information or poor-quality MRI images
were excluded from the study. The Departments
of Radiology and Histopathology at the National
Hospital of Sri Lanka (NHSL) and Anuradhapura
Teaching Hospital (ATH) provided MRI
Digital Imaging and Communications in
Medicine (DICOM) data, radiological and
histopathological reports for this study. The
data collection process took place over one
year at both locations. Prior to conducting the
study-related procedures, informed consent
was obtained from patients. Ethical clearance
certificate from both Ethics committees of NHSL
and University of Peradeniya was also obtained.
The malignant population mainly consisted of
image slices from Glioblastomas multiforme
(WHO 1V), High grade gliomas (WHO III),
Medulloblastomas (IV), and metastasis tumors,
with percentages of 44.17%, 13.33%, 9.17%,
and 18.33%, respectively. Pituitary Macro
Adenomas (27.09%), Meningiomas (18.50%),
and Schwannomas (16.77%) were the most
common benign image slice population (Table
1 and Table 2).
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Table 1: Tumors Types and the Composition of the Malignant
Image Slice Population

Patients, No.(%) Slices, No.

Anaplastic Astrocytoma 2(1.67) 22
Anaplastic Meningioma 1(0.83) 11
Anaplastic Oligodendroglioma 3(2.50) 29
Central Astrocytoma 7(5.83) 65
Glioblastoma 53(44.17) 437
Hemorrhagic Metastasis 2(1.67) 23
High Grade Glioma (WHO III) 16(13.33) 147
Malignant Residuals 3(2.50) 22
Medulloblastoma 11(9.17) 108
Metastasis 22(18.33) 116

Table 2: Tumor Types and the Composition of Benign Tumor

Population®
Patients, No.(%)  Slices, No.

Astrocytoma 2(1.61) 13
Atypical Meningioma 1(1.24) 10
Choroid Meningioma 1(1.24) 10
Craniopharyngioma 2(1.37) 11
Dermoid Cyst CP Angle 1(1.61) 13
En Plaque Meningioma 3(3.60) 29
Ependymoma 1(0.87) 7
Frontal Cavernoma 1(0.50) 4
Meningioma 24(18.50) 149
Meningothelial Meningioma 2(3.72) 30
Pilocytic Astrocytoma 3(1.61) 13
Pituitary Macroadenoma 45(27.08) 218
Schwannoma 20(16.77) 135
Suprasellar Meningioma 2(0.87) 7
Diffuse Astrocytoma 1(0.74) 6
Glioma 4(3.60) 29
Hemangioblastoma 3(1.98) 16
Low Grade Glioma (WHO II) 10(8.94) 72
Oligodendroglioma 1(0.99)

Sphenoid Wing Meningioma 2(0.50) 4
Transitional Meningioma 3(2.61) 21

2 Abbreviations: CP, Cerebellopontine; En, is derived from the

[I39 1}

French language and means “in

All MRI scans were carried out using a 3T MR
system and a head coil. The axial DW MRI data
was acquired using the Echo-Planar Imaging (EPI)
sequence with specific parameters such as a flip
angle of 900, TE of 68ms and TR of 4300ms. The
field of view (FOV) was set to 219mmX*219mm with
a matrix size of 124x124 and a slice thickness of
Imm. All ADC images were created by combining
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the DICOM images of b=0 and b=1000 diffusion
sensitization levels based on Equation 1.

S;
Equation 1: ADC= ), %
The variables used in the equation are “i” for the
image number, “Si” for the ith image, “S0” for the
first image, “n” for the total number of images, and
“bi” for the diffusion gradient value.
The image processing tasks and texture feature
extraction activities were performed using a custom-
built software named “Brain Lesion Differentiation
and Identification Assistant” (BLeDIA), developed
in Python 3.7. It included creating and visualizing
ADC images, designing the region of interest (ROI)
around the tumor area (Figure 2), generating GLCM
matrices, and extracting features. To identify the
tumor area, an ROI was drawn in the ADC images
of each subject. Figure 2 depicts the ADC images
of two malignant and two benign tumors with ROIs
surrounding the tumors.

Figure 2: Four Different Types of Tumors and the ROI Drawn
Surrounding The Tumor Area

A) ADC brain image of a 9l-year-old male patient with
meningioma condition (benign) in the right partial lobe; B)
ROI selection of the image “A”; C) ADC brain image of a
59-year-old male patient with schwannoma (benign) condition
in the right optic nerve; D) ROI selection of the image “C”; E)
ADC brain image of a 55-year-old male patient with a high-
grade glioma (WHO grade III) in the left parietal lobe; F) ROI
selection of image “E”; G) ADC brain image of a 62-year-old
male patient with a glioblastoma (WHO grade 1V); H) ROI
selection of image “G”.

The average of the pixel-intensity values as well as
the kurtosis and skewness values (Equation 2) were
obtained from the ROIs selected for each ADC
image. Following that, GLCM matrices (Equation 3)

were generated for each ROI, and various statistical
texture features such as GLCM Mean, Variance,
Energy, Entropy, Contrast, Homogeneity, Correlation,
Prominence, and Shade values were extracted from
the generated GLCM matrices (Equation 4-12).

Equation 2: n™ moment = Yi(p: — p)".Ap)

Whereas “pi” for the signal intensity in a specific
pixel, “1” for the total number of pixels in the ROI,

p” for the average pixel value, and “f(pi)” for the
probability of the signal intensity of that pixel.

The Grey Level Co-Occurrence Matrix

Equation 3:

n

LifI(s,v) =xand I(s + 085, +6,) =y

Lixy)=1{" 7
] - n
Z 0, Otherwise
x,y=1

Whereas “I” represents 2D parametric ADC
map with a matrix size of n x n, L(x,y) be the co-
occurrence matrix that shows the probability of
pixel pairs occurring together at specific spatial
offsets between the pair, ds and dv, and with grey
level values i and j.

Grey Level Co-Occurrence Matrix Mean

The left-sided equation is used to determine the
mean value based on the reference pixel pi, while
the right-sided equation is used to find the mean
value based on the reference pixel 1. In the case of
symmetrical GLCM matrices, both pi and yj are the
same. However, if the matrices are not symmetrical,
the two equations will yield different results.

N-1 N-1
1Equation 4: i; = z i(Pyj); uj = z J(Pij)
£,j=0 L,j=0

Grey Level Co-Occurrence Matrix Variance

GLCM Variance is a measure of the spread of the
distribution about the mean, which is similar to other
measures like Contrast or dissimilarity. The GLCM
Variance specifically quantifies the extent to which

i P (i) is co-occurrence matrix, N be the number of grey levels in the ADC image, p for mean of P_(i,j), p_i for mean of row i, p_j is for the mean
value of column j, ¢ _i represents the standard deviation of row i and ¢_j represents the standard deviation of column j.



the neighbor and reference pixels in an image differ
from each other by measuring the dispersion of the
values around their mean.

fEquation 5:
Z Piji-up?i Z PijG-up?
i,j=0 i,j=0

Grey Level Co-Occurrence Matrix Energy

GLCM energy (ENR) quantifies the uniformity or
Homogeneity of an image. It measures the sum of
squared elements in the GLCM and reflects overall
magnitude or strength of co-occurring pixel pairs.
A higher Energy value indicates a more uniform or
homogeneous texture, while a lower Energy value
implies a more heterogeneous texture with varied
gray-level distributions.

tEquation 6: ENR = X)) P

Grey Level Co-Occurrence Matrix Entropy

GLCM entropy (ENT) is a statistical feature that
characterizes the randomness or unpredictability
of an image texture. It measures the amount of
information or uncertainty in the distribution of co-
occurring pixel pairs in the GLCM. A higher Entropy
value indicates a more disordered or complex
texture, while a lower Entropy value implies a more
ordered or regular texture with fewer variations in
gray-level distributions.

tEquation 7: ENT = YY) P; (= InP;;)

Grey Level Co-Occurrence Matrix Contrast

GLCM contrast (CNT) quantifies the local variations
or differences between adjacent pixel pairs in an
image. It measures the intensity Contrast between
pixels with different gray-level values in the GLCM
and reflects the level of granularity or detail in an
image. A higher Contrast value indicates a more
distinct or sharp transition between neighboring pixel
pairs, while a lower Contrast value implies a smoother
or more gradual transition between pixel pairs.
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tEquation 8: CNT = X0 P, i jy2

Grey level co-occurrence matrix homogeneity

GLCM homogeneity (HOM) measures the closeness
or similarity between neighboring pixel pairs in
an image. It quantifies the inverse of the distance
between pixels with different gray-level values
in the GLCM and reflects the level of smoothness
or uniformity in an image. A higher Homogeneity
value indicates a more similar or homogeneous
texture, while a lower homogeneity value implies a
more heterogeneous texture with larger variations in
grey-level distributions.

Pij

tEquation 9: HOM = Z” 0 T3 a2

Grey Level Co-Occurrence Matrix Correlation

GLCM correlation (COR) is a statistical feature
quantifying the linear dependency or association
between neighboring pixels in an image. [t measures
the similarity of the GLCM to a linear function and
reflects the level of directionality or symmetry in an
image texture. A higher correlation value indicates
a stronger linear relationship between adjacent
pixel pairs, while a lower correlation value implies
a weaker linear relationship or a more complex
texture with no clear directionality.

(U DIC D))

tEquation 10: COR = Z” OP”
CAICH)

Grey Level Co-Occurrence Matrix Cluster Shade

GLCM cluster shade (CS) is a statistical feature
that characterizes the skewness or asymmetry of the
distribution of co-occurring pixel pairs in an image
texture. It measures the deviation of the third-order
moment of the GLCM from its expected value and
reflects the level of clustering or groupings of pixel
pairs in different directions or orientations.
{Equation 11: CS = XN {i +j — w; — ;PP
Grey Level Co-Occurrence Matrix Cluster
Prominence

GLCM cluster prominence (CP) is a statistical

1 P _(i,) is co-occurrence matrix, N be the number of grey levels in the ADC image, p for mean of P_(i,j), p_i for mean of row i, p_j is for the mean
value of column j, ¢ i represents the standard deviation of row i and 6_j represents the standard deviation of column j.
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feature that characterizes the sharpness or
distinctness of the distribution of co-occurring
pixel pairs in an image texture. It measures the
deviation of the fourth-order moment of the
GLCM from its expected value and reflects the
level of clustering or groupings of pixel pairs
in different directions or orientations. A higher
cluster prominence value indicates a sharper or
more distinct distribution with more pixel pairs
clustered around the GLCM diagonal, while a
lower cluster prominence value implies a flatter
or less distinct distribution with fewer pixel pairs
clustered around the diagonal.

tEquation 12:
N-1

CS = Z i - Py
1,j=0

The values for GLCM mean and GLCM Variance
can be calculated using either reference pixels pi or
neighbor pixels 1, as per Equation4 and Equation 5. For
the symmetrical GLCM, where each pixel is counted
once as a reference and once as a neighbor, both values
should be identical. Finally, the mean values of each
feature corresponding to malignant and benign brain
tumor categories were measured. To determine the
statistical significance of the difference in mean values
between each tumor category for a particular feature,
a two-sample P value test (one-tailed) was conducted
with a 95% confidence level. In this study, the chi-
square test was also applied to examine the potential
relationship between the gender and the occurrence
of benign and malignant brain tumors. The analysis
intended to determine if there were any statistically
significant differences in the incidence of these tumors
between male and female individuals.

RESULTS

According to the results of the two-sample P value
test (one-tailed), P values of the extracted features
except for skewness of ADC (P>0.05) patient age
(P>0.05) and GLCM texture features: Entropy
(P>0.05), Shade (P>0.05), Prominence (P>0.05)
showed significant differences in mean feature
values between malignant and benign tumor
categories. For benign tumors, the feature values

for the mean pixel value of ADC (P<0.05) and six
GLCM statistical texture features, GLCM Mean 1
(P<0.05), Mean 2 (P<0.05), Variance 1 (P<0.05),
Variance 2 (P<0.05), Energy (P<0.05) and Contrast
(P<0.05) showed significantly (P<0.05) higher
values than malignant tumors. In Contrast, the
mean feature values for Kurtosis of ADC (P<0.05),
Homogeneity (P<0.05), and Correlation (P>0.05)
showed significantly higher values for malignant
tumors than benign tumors. However, the evidence
provided by the P value for the skewness of ADC,
patient’s age, GLCM Entropy, GLCM Prominence,
and GLCM Shade was not enough to prove whether
there is a significant difference in mean feature values
between malignant and benign tumor categories.
The distribution pattern of values of each feature
for malignant and benign tumor types is illustrated
in Figure 3, and the distribution of feature values
is showed in Figure 4 as boxplots. The findings of
chi-square test indicate that male individuals are at
a significantly higher risk of developing malignant
brain tumors than female individuals (P<0.05).
In Contrast, there was no significant association
observed between gender and the occurrence of
benign brain tumors (P>0.05) (Figure 1).

GLCM Variance

GLCM

Mean Feature Values

DOMean feature value for Benign ~ @Mean feature value for Malignant

Figure 3: Distribution of Higher Order Moments of ADC, and
GLCM statistical Texture Features Obtained for Benign and
Malignant Brain Tumor Categories

DISCUSSION

The study was designed to identify key statistical
texture features of MRI-ADC images that can be
utilized as potential biomarkers in identifying and
differentiating benign and malignant brain tumors.

i P (i) is co-occurrence matrix, N be the number of grey levels in the ADC image, p for mean of P_(i,j), p_i for mean of row i, p_j is for the mean
value of column j, ¢ _i represents the standard deviation of row i and ¢_j represents the standard deviation of column j.
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Figure 4: Distribution Pattern of the Texture Feature Values
and Patient Age in Malignant and Benign Brain Tumors

The MRI DICOM (b=0 and b=1000 diffusion-
weighted) images of brain tumor patients and the
histopathological reports of selected subjects were
collected retrospectively, after receiving both informed
consents from each subject/bystander and the ethical
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clearance reports from the ethical review committees
each institute collaborated in this study.

The data were collected over a period of one year, and
at the end of the data collection process, the sample size
reached up to 260 brain tumor subjects.

Participants without histopathological reports,
corrupted MRI images, and subjects without proper
identification details were excluded from the study.
According to the above criteria, eight patients
were excluded, and the study proceeded with 252
participants. However, the collected data revealed
important epidemiological facts regarding the brain
tumor population in Sri Lanka as a byproduct of
this study. Based on the results, five out of fifteen
features considered in this study (skewness of
ADC, patient’s age, GLCM Entropy, Shade, and
Prominence) showed P values higher than 0.05,
indicating that the mean values of these features for
benign and malignant brain tumor categories are not
significantly different. However, the study of GLCM
texture features provides a comprehensive idea about
the texture of both MRI-ADC images of benign
and malignant brain tumors. The GLCM Energy
results suggest that malignant tumors produce ADC
images with higher uniformity than benign tumors
(Equation 6), while GLCM Contrast indicates more

Table 3: Feature Values for Malignant and Benign Brain Tumor Categories *

P Value® Feature Value for Malignant (mean+SD) Feature Value for Benign (mean+SD)
Mean Pixel Value of ADC 1.2660E-02 1071.5757+265.26 1184.0074+483.05
Skewness 1.0590E-01 4.8676+1.86 5.2809+3.14
Kurtosis 1.9840E-02 0.7996+0.61 0.599+0.88
GLCM Mean 1¢ 1.0430E-02 8.6452+2.26 9.6357+4.12
GLCM Mean 2¢ 1.4934E-02 8.93742.29 9.8388+3.94
GLCM Variance 1¢ 3.7313E-02 4.3207+3.55 5.3887+5.56
GLCM Variance 2° 2.6164E-03 6.2539+4.85 8.5483+7.58
GLCM Energy 6.5663E-03 0.06874+0.03 0.087+0.07
GLCM Entropy 2.1528E-01 3.2748+0.48 3.2102+0.76
GLCM Contrast 1.1030E-04 4.738+3.46 7.0537+5.87
GLCM Homogeneity 2.6845E-02 0.5412+0.08 0.5128+0.13
GLCM Correlation 3.7513E-08 0.5434+0.09 0.4565+0.14
GLCM Prominence 9.9317E-02 0.9421+0.57 0.8047+1.02
GLCM Shade 1.0374E-01 1.3081+0.78 1.1242+1.40
Patient’s Age 2.6122E-01 45.8416+21.48 47.3996+16.88

2 Abbreviation: ADC, apparent diffusion coefficient; GLCM, grey level co-occurrence matrix

®P<0.05, statistically significant

¢GLCM mean 1 represents GLCM mean value calculated based on the reference pixels pi
4GLCM mean 2 represents GLCM mean value calculated using the neighbor pixels pj

¢GLCM Variance 1 represents GLCM Variance value calculated based on the reference pixels pi
fGLCM Variance 2 represents GLCM mean value calculated using the neighbor pixels p
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edges or wrinkled textures in ADC images of benign
brain tumors than malignant brain tumors. GLCM
Homogeneity describes a higher distribution of grey
levels within the ADC images of malignant brain
tumors compared to benign brain tumors. Lastly,
GLCM Correlation reflects a significantly higher
linear dependency of grey levels in ADC images of
malignant brain tumors (Table 3, Figure 2).

The GLCM Mean and GLCM Variation provide
details about the symmetry of the selected ROI
of ADC brain tumor images and the dispersion
of pixel values around the mean, respectively.
However, in this study, we utilized them as GLCM
Mean 1, GLCM Mean 2, GLCM Variance 1, and
GLCM Variance 2 denoting the mean and Variance
corresponding to ith and jth reference pixels in the
GLCM matrix. When reviewing previous studies, it
is evident that a significant amount of research has
been conducted utilizing GLCM texture features,
and histogram features (skewness and Kkurtosis)
analysis of MR images to distinguish between
benign and malignant carcinoma in various regions
of the body such as the prostate, cervix brain, liver,
etc. Moreover, some studies have employed GLCM
texture analysis to assess the efficacy of cancer
treatments. However, current literature does not offer
substantial evidence to support the use of GLCM
features of MRI-ADC in benign and malignant
brain tumor classification. Andreas Wibmer et al.,
(2015) utilized GLCM texture features extracted
from ADC and TIW MRI sequences of tumors to
detect prostate cancers and differentiate Gleason
scores (GS). The results of their study showed that
prostate cancers located in the peripheral zone (PZ)
have higher Entropy and Inertia and lower Energy,
Correlation, and Homogeneity compared to non-
cancerous tissue [22]. Korfiatis (2016) conducted a
similar study to identify texture features that predict
tumor differentiation and nodal status in diffusion-
weighted imaging (DWI) of cervical carcinoma.
However, this study utilized the grey-level matrixes
and two histogram features (skewness and kurtosis)
to achieve the task. In this study, the nodal status of
the cervical carcinomas was correctly predicted by
both the features skewness and kurtosis [23].

A study conducted by Vijithananda et al., (2019)
on extracted histogram features (skewness and
Kurtosis) from MRI-ADC images of brain tumors
found similar results. They found that skewness and
kurtosis provide useful information in distinguishing

benign and malignant brain tumors [8]. A study by
Wu et al., (2016) evaluated the use of GLCM texture
features in combination with machine learning
algorithms to differentiate between benign and
malignant brain tumors using MRI T2-Weighted
images. They found that GLCM features such as
Contrast, Entropy, and Homogeneity were significant
predictors for differentiating between benign and
malignant tumors. The study concluded that texture
analysis using GLCM features can be a useful tool
for the non-invasive diagnosis and classification of
brain tumors [24]. In another study, Kunimatsu et al.,
(2022) evaluated the use of GLCM texture features
to differentiate between low-grade and high-grade
gliomas using MRI images. They found that GLCM
features such as Contrast, Homogeneity, and Energy
were significantly different between low-grade and
high-grade gliomas, with high-grade gliomas having
higher values for these features [25]. Aggarwal
in year 2022 conducted a study that explored the
potential use of various spatial resolutions of GLCM
texture features extracted from MRI images of brain
tumors to create a tumor classification model using
a random forest classifier. The texture features that
were considered in the study included correlation,
variance, entropy, inverse difference moment,
dissimilarity, energy, contrast, and homogeneity.
The study compared the classification accuracy
for different values of steps and angles of GLCM,
and the results indicated that reducing the spatial
resolution of the image significantly reduced the
method’s performance. For example, using the
same combination of offset and angles, the accuracy
decreased from 83.3% to 61.1% when the spatial
resolution was reduced from 64x64 to 32x32. The
study confirmed that the spatial resolution used in
this study (8-bit images (256x256 GLCM matrix))
is the optimum resolution to obtain the best GLCM
feature values for the classification purposes [26].
The results of this study open up possibilities
for future research in different directions such as
developing machine learning models to classify
benign and malignant brain tumors, differentiating
between brain tumor types (e.g., meningioma,
glioma, metastasis), and defining cut-off values for
each feature. These avenues for further exploration
may lead to more accurate and efficient diagnosis
and treatment of brain tumors.

In conclusion, the evidence suggests that the value
distribution pattern of GLCM texture features such



as Mean, Variance, Energy, Entropy, Contrast,
Homogeneity, Correlation, Prominence, and Shade, as
well as the kurtosis of ADC and the mean pixel values
of ADC are correlated for both benign and malignant
categories. Therefore, the study’s outcomes suggest
that utilizing aforementioned parameters can be used
as potential biomarkers to identify and differentiate
benign and malignant brain tumors. These results
provide a confident conclusion for the utility of these
parameters in diagnosing brain tumors.
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