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Brain abnormality detection from magnetic resonance imaging (MRI) remains challenging
due to the large variation in brain anatomy among individuals. Conventional approaches
often rely on direct comparison between different subjects, which may reduce diagnostic
reliability because of anatomical differences. This study proposes a symmetry-based
framework for brain abnormality detection by exploiting the inherent bilateral structure of
the human brain. Eighteen first-order statistical (FOS) features were extracted from the
differences between corresponding regions of the left and right brain hemispheres to
quantify structural asymmetry. Feature relevance was evaluated using correlation analysis,
mutual information (MI), and machine-learning-based assessment methods to identify the
most discriminative feature subset. The selected features were subsequently classified using
four machine learning algorithms, including Random Forest (RF), Support Vector Machine
(SVM), Logistic Regression, and Bernoulli classifiers. The proposed framework was
evaluated on a dataset consisting of 3,053 axial MRI images, including 1,445 abnormal
cases and 1,608 normal cases. Among the evaluated classifiers, the RF model achieved the
best performance, with an accuracy of 95.85%, precision of 96%, recall of 96%, and F1-
score of 96%. The results demonstrate that bilateral symmetry analysis combined with
statistical feature evaluation provides an interpretable and computationally efficient

approach for MRI-based brain abnormality classification.

1. INTRODUCTION

Computer-aided diagnostic (CAD) systems are systems
developed to help radiologists and specialists interpret medical
images using specialised computer systems to improve
diagnostic accuracy, save effort and time, and minimise errors.
Such systems use various computer technologies, such as
image processing and artificial intelligence, to perform their
functions. Medical image analysis and processing techniques
are important parts of CAD systems as they are used to analyse
medical images such as magnetic resonance imaging (MRI)
and computed tomography (CT) images and produce results
that can help specialists make appropriate decisions. In
addition, artificial intelligence techniques are widely used in
these systems due to their speed and accuracy in obtaining
accurate results.

The identification of brain anomalies using MRI has gained
considerable attention over the past few decades due to
advances in computer technologies, particularly in digital
image processing and artificial intelligence techniques. These
advancements have encouraged researchers to explore,
develop, and publish innovative approaches in this field. Most
MRI analysis approaches involve five stages of processing: (i)
pre-processing, (ii) feature extraction, (iii) feature selection,
(iv) classification, and (v) segmentation. In this research, our
focus is placed on the second and third stages, namely, feature
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extraction and feature selection.

The considerable variation in brain shape among
individuals represents a major challenge in the computer-
based diagnosis process. Therefore, the process of diagnosing
a person’s brain based solely on others’ brain images may not
be sufficiently reliable.

This study is a continuation of our previous work in this
field, where we demonstrated the potential of using the
symmetry between the two brain hemispheres for accurate
abnormality detection. Brain tumours can alter the shape and
structure of one hemisphere, resulting in a disruption of the
natural bilateral symmetry of the brain [1, 2]. In this study, we
investigated 18 first-order statistical (FOS) features and
evaluated their significance in enhancing brain abnormality
identification accuracy using various feature evaluation
measures, including mutual information (MI), correlation
analysis, and machine learning-based evaluation methods.

Unlike conventional MRI-based brain abnormality
detection methods, the proposed framework exploits the
inherent bilateral symmetry of the brain to quantify structural
abnormalities. Furthermore, rather than employing all
extracted features, this study systematically evaluates the
discriminative capability of eighteen FOS features using
correlation analysis, MI, and machine learning-based
evaluation to identify the most informative subset for
classification. This combination provides a simple,
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interpretable, and computationally efficient framework for
brain abnormality detection. The proposed framework
contributes to intelligent information processing in medical
imaging by transforming brain MRI data into discriminative
symmetry-based representations for automated brain
abnormality detection. By integrating statistical feature
extraction, feature evaluation, and machine learning, the
framework provides an efficient information processing
pipeline that supports CAD and enhances the capability of
medical information systems to analyse brain MRI data.

The remainder of this paper is structured as follows: Section
2 presents the necessary theoretical background and reviews
state-of-the-art studies. The proposed approach is presented in
Section 3. In Section 4, a thorough discussion and evaluation
of the obtained results are presented. Finally, conclusions are
presented in Section 5.

2. BACKGROUND AND REVIEW
2.1 Magnetic resonance imaging analysis

MRI is widely used in neurology, neurosurgery, and many
other medical fields because it offers excellent visualisation of
the brain. MRI can visualise the brain in three planes: axial,
sagittal, and coronal, as shown in the samples in Figures 1(a)—
(¢). Furthermore, three sequences are commonly used in MRI,
namely T1-weighted (T1W), T2-weighted (T2W), and FIAIR.
The difference between the various types of sequences results
from the selection of Time to Echo (TE) and Repetition Time
(TR), where TIW images are produced using short TE and
short TR, while T2W images are generated using longer TE
and TR times. The Flair sequence is similar to T2W but with
very long TE and TR values. The three forms of sequences are
shown in Figures 1(e)—(g) [3]-

2.2 Brain abnormality identification techniques

Brain abnormality identification is a challenging task

T1-weighted

(d)

because of the structural complexity of brain tissue. Usually,
this can be done in one of three ways, depending on the level
of human intervention: manual, semi-automatic, and fully
automatic [4, 5]. In the first method, the entire process is
performed by the radiologist, whereas in the second method,
the specialist interacts with the automatic segmentation system
by specifying and initialising some parameters, providing
feedback on the system output, and finally evaluating the
results. Finally, in fully automatic systems, the machine
performs all the operations without user intervention.

Brain tumour identification has been the focus of many
studies over the past few decades. Due to the availability of
resources and the large amount of published work, many
reviews have been published that list the methods and
techniques used. The reviews focused primarily on two
approaches: non-Al-based approaches that do not utilise Al
algorithms, such as thresholding, image segmentation, and
clustering [6] and artificial intelligence-based approaches that
use Al algorithms such as machine learning, which learns
discriminative patterns from MRI-derived features for
automated classification [7]; transformer-based models, which
employ self-attention mechanisms to capture long-range
spatial dependencies in brain images [8]; transfer learning,
which adapts knowledge learned from large pre-trained
models to improve performance on limited MRI datasets [9];
hybrid Al models, which combine multiple Al techniques to
exploit their complementary strengths [10]; and deep learning,
which  automatically  learns  hierarchical  feature
representations directly from MRI images for accurate
detection and classification [11, 12].

Despite the considerable progress achieved by both
conventional image processing and Al-based techniques, there
remains a need for efficient and interpretable methods that
maintain high classification performance while reducing
computational complexity.

Motivated by this need, the proposed framework utilises
bilateral brain symmetry and systematic feature evaluation to
develop an effective brain abnormality identification
approach.

T2-weighted

®

Figure 1. Brain magnetic resonance imaging (MRI) shows the three planes and the three sequences: (a) axial plane, (b) sagittal
plane, (c¢) coronal plane, (d) T1-weighted (T1W) sequence, (e) T2-weighted (T2W) sequence, and (f) Flair sequence [5]
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2.3 Feature extraction (first-order statistics)

FOS features are derived from the histogram, which is a
well-known representation of an image and is used to describe
the probability density function of the pixel intensities in the
image. The histogram consists of bins representing the grey
levels and the probability of occurrence of each grey level. The
histogram itself cannot be used as a feature; however, a set of
statistical features can be extracted from it, known as FOS.
The most widely used features are as follows.

1. Central tendency features, which include the mean (F1),
median (F2), and mode (F3), can be calculated using Eqs. (1)—
(3), respectively.

N-1
= ) h(x),p(x) = Q
=0 N (1)
F1= x.p(x)
_ _ N
hs = Sort(h),n = 0l 2)

F2 = hs(n)

n = Max (Count(p(x)))
F3 = p(x)correspondingn

A3)
where, M is the number of pixels in the image, N is the
number of grey levels (bins), h(x) is the number of pixels
which have x value, p(x) is the probability of occurrence of
the grey level x, and hs is the sorted histogram.

2. Dispersion is another important measure that indicates
the extent to which numerical data are likely to vary around an
average value. Variance, standard deviation, and coefficient of
variation are the most commonly used measures to describe
dispersion. These measures describe the spread of the grey
levels over the bins and the extent to which each grey level is
from the mean. The variance (F4), standard deviation (F5), and
coefficient of variation (F6) are calculated as given in Egs.
(4)—(6), respectively.

N-1
FA= ) (x —F1)%p(x) 4)
F5 =F4 5)
F5
F6 =2 (6)

3. Skewness (F7) and kurtosis (F8): The skewness measure
describes the distortion that deviates the histogram from the

symmetrical normal distribution curve. On the other hand,
kurtosis measures the presence of extreme values in the tails
of the distribution. Histograms with significant kurtosis show
tail data that exceeds that of the normal distribution and vice
versa. The skewness (F7) and kurtosis (F8) can be calculated
using Eqgs. (7) and (8), respectively.

F7 = (F53) Z(x — F1)®.p(x) %)

Fe = (o) Z (= F1)*.p(x) (®)

4. Energy (F9) and entropy (F10): These measures are
widely used to describe the randomness and information
content of a histogram. They can be calculated using the
formulas given in Egs. (9) and (10), respectively.

F9 = Z(p(x))2 )
F10 = = ) p@)logep() (10)

5. Ranges and percentiles: The range (F13) is the difference
between the maximum (F12) and minimum (F11) values of the
histogram, where the maximum and minimum values are the
maximum and minimum heights of the histogram. The
minimum, maximum, and range can be calculated using Egs.
(11)—~(13), respectively:

F11 = minh(x) (11)

F12 = maxh(x) (12)
X

F13 = F12 — F11 (13)

6. The K percentile is the percentage of values below a
specific K in the histogram. In this work, we consider the 10%,
25" 75% and 90" percentiles, which are denoted as (F14, F15,
F16, F17), respectively. The 50" percentile was not considered
because it represents the median (F2). Finally, the histogram
width (F18) is the difference between the 90" and 10™"
percentiles and is calculated using Eq. (14).

F18 = F17 — F13 (14)

Table 1 summarises the features discussed above.

Table 1. First-order statistical (FOS) feature summary

Feature Feature Name Eq. Feature Feature Name Eq. Feature Feature Name Eq.
F1 Mean 1) F7 Skewness 7 F13 Range (13)
F2 Median ?2) F8 Kurtosis ®) F14 10th Percentiles
F3 Mode 3) F9 Energy Q) F15 25th Percentiles
F4 Variance 4) F10 Entropy (10) F16 75th Percentiles
F5 Standard deviation 5) F11 Minimal Value (11 F17 90th Percentiles
Fo6 Coefficient of variation (6) F12 Maximal Value (12) F18 Width of Histogram (14)

2551



2.4 Feature evaluation

2.4.1 Correlation factors

The correlation coefficient is a descriptive statistical
number that describes the strength and direction of the
relationship between variables. It takes values between —1 and
1, where the magnitude indicates the strength of the
relationship and the sign reflects its direction. Pearson,
Kendall, and Spearman coefficients are the most commonly
used correlation factors. The following discussion provides a
simple explanation of the three types of correlation factors.

1. The Pearson correlation factor assumes that the
relationship between the two variables is linear, both variables
are normally distributed, and the data are equally distributed
about the regression line. Pearson correlation factor can be
calculated using Eq. (15).

Cp

_ ((n Yraxy) — (T Xy ;Vi))

\/Tl o X2 — (X x)? \/n o vit = (X vi)?

(15)

where, C,, is Pearson correlation factor, n is the number of
observations, and x; and y; are the i-th elements of the two
variables X and Y.

2. Spearman rank correlation, which is given in Eq. (16), is
non-parametric, does not carry any assumptions about the
distribution of the data, and is appropriate when the variables
are measured on a scale that is at least ordinal.

(631 d?)

€= nn?-1)

(16)

where, C; is the Spearman correlation factor, d; is the
difference between the ranks of corresponding variables, and
n is the number of observations.

3. Kendall correlation coefficient, which is usually referred
to as Kendall’s Tau measure, is non-parametric and is used to
measure the relationships between columns of ranked data and
takes values between 0 and 1, where zero means no
relationship and 1 means a perfect relationship. Kendall’s Tau
can be calculated using Eq. (17).

_C—D

C. = 17

¢ C+D 17
where, C. is Kendall’s Tau coefficient, C is the number of
concordant pairs and D is the number of discordant pairs.

2.4.2 Mutual information contents

MI I(X;Y) can be defined as the amount of information that
variable X contains about variable Y, where X and Y are two
discrete random variables. It indicates the level of shared
information between the two random variables. In other
words, if the value of I(X;Y) is large, the variables are more
related to each other and vice versa [13]. Based on the previous
observation, MI has been utilised to select the best feature in
classification problems in many studies [14, 15].

The most commonly used measure of information content
is the entropy from Shannon’s information theory, which is
given in Eq. (18).
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HI = = ) PGxlDlog,P(xli) (18)

where, X is a discrete random variable expressed as X =
{x0, %1, ..., X} and P(x|i) is the probability of occurrence of
the variable x;.

Further, let us define a second discrete random variable Y =
{v0, V1, --» ¥m}, then the conditional entropy of the variable Y,
which measures the amount of uncertainty left in the variable
Y after the variable X is introduced is calculated using Eq.

(19).

HY VX)=— Z Z P(y;,x[1)log:P(y; vx|i) (1)

XiEX yiEY

The joint entropy H(Y,X) of X and Y which is defined as
the uncertainty that occurs simultaneously with two variables,
is calculated as given in Eq. (20).

X == ) ) P(;x]i)log:P(3;,x11)

XEX yiEY

HY,X)=HX)+H{Y VX)

(20)

Finally, the MI between variable Y and variable X can be
calculated using Eq. (21).

P(y,x)
1(Y;X) = Z Z P(y,x)log, (W)

XEX YEY

1XGY) =HX) + HY) — H(X,Y)

e2y)

2.4.3 Machine learning-based

Machine learning can be used to evaluate features by
relating independent variables to dependent variables. This is
done by dividing the dataset into two sets, one for training and
the other for testing. The first set is used to train the model,
whereas the second set is used to evaluate the performance and
accuracy of the model. Based on the problem under study, it is
categorised as a supervised classification problem where the
images need to be classified as either normal or abnormal brain
images.

Machine learning can be used to evaluate features or assign
importance to a particular feature when it is trained on it and
to evaluate its accuracy. Although many different models can
be used for this purpose, we have considered only four models,
namely, Random Forest Classifier (RFC), Naive Bayes
Classifier (NBC), Logistic Regression Classifier (LRC), and
Support Vector Machine Classifier (SVMC) because of their
accuracy and wide use.

RFC was selected because of its robustness to nonlinear
feature relationships and its ability to reduce overfitting
through ensemble learning. NBC provides a simple
probabilistic baseline, while LRC serves as an interpretable
linear classifier for assessing feature separability. SVMC was
included because of its strong generalisation capability in
binary classification problems. The objective of employing
these classifiers is not to compare machine learning
algorithms, but to validate the effectiveness and robustness of
the proposed symmetry-based feature extraction and feature
evaluation framework.



3. PROPOSED APPROACH FRAMEWORK

This section presents the proposed framework and consists
of two main stages: dataset preparation and the proposed
system architecture.

3.1 Dataset and experimental environment

The proposed algorithm was implemented in Python 3.10
using JupyterLab 3.4.4. All experiments were executed on a
MacBook equipped with an Apple M2 processor comprising
an 8-core CPU, a 10-core GPU, and 8 GB of RAM.

As no single publicly available dataset adequately satisfied
the requirements of the proposed algorithm, a dataset was
constructed by the authors using images collected from the
public datasets reported in the studies [16-19]. The resulting
dataset comprises 3,053 axial brain MRI images, including
1,445 images with brain cancer and 1,608 normal brain images
[20]. The dataset includes T1W, T2W, and Flair MRI
sequences. All images are single-channel greyscale images
with 256 grey levels and were standardised to a spatial
resolution of 200 x 200 pixels prior to processing. When
machine learning algorithms were applied, the dataset was
randomly divided into 70% training data and 30% testing data
using stratified sampling to preserve the proportions of normal
and cancer cases in both subsets.

3.2 Proposed framework

The implementation of the model is illustrated in Figure 2.
In this flowchart, the image undergoes pre-processing
operations such as image restoration, skull removal, and other
pre-processing operations [2]. After the pre-processing stage,

the image J; is divided around the vertical axis into two sub-
images which are the left lobe image L; and the right lobe
image R;. No image registration was performed as the images
were axial MRI that had already been spatially standardised in
their source datasets. Each image was divided along its vertical
axis before proceeding with the rest of the processes. Next, the
features are extracted from each sub-image ML; and MR; and
the distances between the opposite features are calculated to
obtain the distance vector (di = {51',1. Giseees Si,n}) . The
distance vector is then normalised to be in the range of (0,1)
which produces the normalized distance vector (dll =

{5;_1, 6;2, ...,5;_,1}). Finally, the feature dataset is constructed
after adding the class (c;) corresponding to each normalised

vector d, , which results in the vector D, =
(v ), (dar2)s e, (i)}
The proposed architecture constitutes an intelligent

information processing framework that converts raw MRI
images into clinically meaningful information through
symmetry-based feature extraction, feature evaluation, and
machine learning-based classification.

The second part of the algorithm is to study the importance
of each feature and its role in identifying the features that have
a larger impact on the classification process. Three methods of
feature evaluation have been studied, namely: correlation, MI,
and machine-learning-based techniques.

When machine learning algorithms were employed, the
dataset was randomly divided into two sets: one for training,
which consists of 70% of the data, and the other for testing and
includes 30% of the images in the dataset. This splitting was
performed using stratified sampling to preserve the
proportions of normal and abnormal cases in both subsets.

Diztance

InputImage

Feature extraction

Mormakhsation

v

P

Pre-processmng

Extractthe lobes

h

Distance between
metrics

Feature Dataszet
Construction

v

Feature extraction

Feature Evaluation

1

v

Feature Importance

Figure 2. Model implementation

4. RESULTS AND DISCUSSION

In this section, we discuss the results obtained by applying
the proposed method to a standard dataset containing 3053
brain images [20]. In this discussion, several graphs were used
to illustrate the results in addition to the listed values. The first
graph used is the histogram, which shows the frequency of
data items in successive numerical intervals of equal size. In
our problem, there are no fixed values for the variables; hence,
the interval was divided into 20 bins of equal intervals.
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Quantile-Quantile plot (Q-Q plot), which is a graphical tool
that helps evaluate whether a data set is close to a theoretical
distribution such as a normal distribution, is the second graph
used to describe the result. The points in the graph are
extracted by determining the differences between the dataset
and a normal distribution at a specific point. In this illustration,
the ideal case is when the data in the dataset is normally
distributed, where the relationship represents a straight line; in
other words, the more linear the relationship, the fewer the
anomalies. In addition to the previous graphs, a strip plot was



used in the discussion; the strip plot is a scatter plot that has a
single axis and is used to represent the distribution of many
individual one-dimensional values. The values are plotted as
small filled circles along one axis, with circles with similar
values overlapping. Two strip plots, one for each class, were
placed side-by-side to compare the distributions of data points
between the two classes (normal and abnormal). Finally, the
Kernel Distribution Estimation (KDE) plot) was used as well.
The KDE plot is a method for representing and visualizing the
distribution of the data in a dataset in a manner similar to a
histogram. The KDE represents data using a continuous
probability density curve in one or more dimensions.

In the following discussion, to save space and avoid
unnecessary redundancy, we will discuss the graphs for central
tendency only, as the rest of the features follow similar
descriptions.

4.1 Central tendency

The central tendency features, which include the mean (F1),
median (F2), and mode (F3), were calculated using Eqs. (1)—
(3). The histograms of the obtained results for the three
features, mean, median, and mode, are given in Figure 3,
where Figure 3(a) gives the histograms of the three features
for all data and Figure 3(b) displays their histograms according
to the classes (Normal and Abnormal). It is clear from the
figure that the normalised values of the mean, median, and
mode of the abnormal cases are more widely distributed than
in the normal cases because the differences between the
features in the first class are greater than those in the second
class.

Figure 4 shows the Q-Q plot of the central tendency
features. Figure 4(a) shows the Q-Q plot of the entire data in
the dataset; Figure 4(b) gives the Q-Q plot of the two classes
separately, and Figure 4(c) shows the comparison of the Q-Q
plots of the entire dataset, the normal brain data, and the
abnormal brain data.

Mean Histogram (All Data)

Median Histogram (All Data)

In Figure 4(a), the graph shows that there is a clear
difference between the data in the dataset and the normal brain
distribution, whereas the best case is with the median. On the
other hand, the feature distribution of normal brains is closer
to the normal distribution, as there are fewer anomalies
compared to the features of abnormal brains, which is evident
from the straight-line approximation of the feature curves for
both classes as shown in Figure 4(b).

Figure 5 shows the sorted normalised values of the mean,
median, and mode for the three cases, which are all data (All),
normal brain data (Normal), and abnormal brain data
(Abnormal). From this figure, it is obvious that the values of
the features of the abnormal brain data are larger than those of
the normal brain data, and this indicates that the difference
between the features of the two lobes is greater.

Figure 6 shows the strip plot Figure 6(a) and the KDE
Figure 6(b) of the three features. From the figure, it is clear
that the distribution of the mean and median of normal brains
is in the range of 0 to 0.2, while the mode has some anomalies,
and the values may exceed 0.2. On the other hand, the
distribution of abnormal brain features is between 0 and 1 and
is larger than that of normal brains. The same applies to Figure
6(b), which shows the KDE distribution.

4.2 Dispersion

The dispersion features, which include the variance (F4),
standard deviation (F5), and coefficient of variation (F6), are
calculated using Egs. (4)—(6), respectively. The graphical
representation of these features is given in Figure 7, where
Figure 7(a) shows the graphical representation of the variance,
Figure 7(b) shows the graphs of the standard deviation, and
Figure 7(c) shows the coefficient of variation. The distribution
of the data for all features is somewhat similar to that of the
central tendency features. However, the main observation here
is that the distribution of the normal brain data is close to being
normal, while that of the abnormal brain data has dispersion.

Mode Histogram (All Data)
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Figure 3. Histogram representation of the central tendency features (mean, median, and mode respectively): (a) histograms of all
images, (b) histograms according to the classes: normal and abnormal
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Distribution of Mean (All Data)

Distribution of Median (All Data)

Distribution of Mode (All Data)
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Figure 5. The sorted values of the central tendency features (mean, median, and mode respectively) of all brain images (All),
normal brain images (Normal), and abnormal brain images (Abnormal)

4.3 Skewness and kurtosis

The Skewness (F7) and Kurtosis (F8) can be calculated
using Eqs. (7) and (8), respectively. Figure 8 shows these two
features, in which Figure 8(a) represents skewness and Figure

8(b) represents kurtosis. From the figure, it is evident that the
values of the measurements extracted from the normal brain
data are lower than those of the abnormal brain data; however,
the distribution of the data follows a normal distribution to a
lesser extent than in the previous features.
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Figure 6. Results’ distribution of central tendency features (mean, median, and mode respectively): (a) strip plot, (b) Kernel
Distribution Estimation (KDE) plot
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Figure 7. Graphical representation of the dispersion features: (a) variance, (b) standard deviation, (c) coefficient of variation
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Figure 8. Graphical representation of skewness and kurtosis features: (a) skewness and (b) kurtosis
4.4 Energy and entropy 4.5 Ranges

The Energy (F9) and entropy (F10) were evaluated using
Egs. (9) and (10), as shown in Figure 9, where Figure 8(a)
shows the energy and Figure 8(b) shows the entropy.
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The minimal value (F11), maximal value (F12), range
(F13), and width of the histogram (F18) are evaluated using
Eqgs. (11)—(14), respectively. The visual representations of the
aforementioned features are shown in Figure 10, where Figure
10(a) shows the minimal histogram values, Figure 10(b) shows



the maximal histogram values, Figure 10(c) is the range of the
histogram, and Figure 10(d) is the width of the histogram.

4.6 Percentiles

the10t, 25t 75" and 90 percentiles and are denoted as (F14,
F15, F16, and F17). The graphical representation of the
percentiles features is shown in Figure 11, where the10™, 25%,
75, and 90" percentiles are represented by the graphs in
Figures 11(a)—(d), respectively.

The last features used are the percentiles, which include
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Figure 9. Graphical representation of energy and entropy features: (a) energy and (b) entropy
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Figure 10. Graphical representation of range features: (a) minimal value, (b) maximal value, (c) range, (d) width of the histogram
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Figure 11. Graphical representation of percentile features: (a) 10™ percentile, (b) 25" percentile, (c) 75" percentile, (d) 90"
percentile

4.7 Features evaluation

This section presents the analysis and discussion of feature
evaluation using the aforementioned methods, namely,
correlation, MI content, and machine learning. First, to obtain
an overview of the extracted feature values, the average values
of the 18 extracted features for normal, abnormal, and overall
datasets are presented in Table 2. From the table, it is evident
that the values of the features obtained from abnormal brain
datasets are generally higher than those obtained from normal
brain datasets. From the table, it is evident that the values of
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the features obtained from the abnormal brain dataset are very
much higher than those obtained from the normal brain
dataset; this is also explained in Figure 12.

Table 2. Feature averages from the dataset

Feature Normal Abnormal All
F1 0.052 0.199 0.126
F2 0.042 0.131 0.087
F3 0.028 0.1 0.064
F4 0.035 0.17 0.103




F5 0.035 0.107 0.071
F6 0.045 0.181 0.113
F7 0.069 0.22 0.145
F8 0.033 0.103 0.068
F9 0.03 0.129 0.08
F10 0.052 0.237 0.145
F11 0.032 0.056 0.034
F12 0.035 0.035 0.046
F13 0.039 0.059 0.049
F14 0.054 0.094 0.074
F15 0.057 0.104 0.08
F16 0.022 0.134 0.079
F17 0.043 0.237 0.142
F18 0.05 0.222 0.136
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Figure 12. Averages of features

4.7.1 Correlation

The first evaluation is the correlation, which is used to relate
the extracted features to the output class. The three correlation
methods, namely Pearson, Kendall, and Spearman correlation
coefficients, have been studied and analysed. The correlation
values between the extracted features and the class labels using
Pearson, Kendall, and Spearman correlation coefficients are
summarised in Table 3. The heatmaps of the three types of
correlation are presented in Figure 13, where Figure 13(a)
shows the heatmap of the Kendall correlation, and Figure
13(b) and Figure 13(c) show the heatmaps of Spearman and
Pearson correlations, respectively.
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Figure 13. Correlation heatmaps: (a) Kendall, (b) Spearman,
(c) Pearson, (d) values of feature correlation with the class

In addition to the statistical correlation analysis, the effect
of percentile-based feature selection on the classification
performance was investigated using the four machine learning
classifiers. Figure 14 illustrates the prediction accuracy



obtained using different percentile values for the RFC, Support instead, the optimal percentile depends on the employed

Vector Machine (SVM), Logistic Regression, and Bernoulli classifier. This indicates that percentile selection has an
classifiers. The results show that the classification accuracy important influence on the discriminative capability of the
does not continuously increase with the percentile value; extracted features.

Table 3. Correlation values

Feature Pearson Feature Kendall Feature Spearman
Entropy 0.585357 Entropy 0.531897 Entropy 0.650814
90th percentile 0.579747 Coefficient of variation 0.52079 Coefficient of variation 0.637223
Width of histogram 0.555244 Width of histogram 0.508222 Width of histogram 0.618127
Coefficient of variation 0.547017 90th percentile 0.495832 90th percentile 0.602158
Mean 0.531279 Variance 0.474194 Variance 0.580213
Energy 0.522218 Mean 0.459235 Mean 0.561907
Variance 0.51684 Energy 0.453498 Energy 0.554886
75th percentile 0.478632 75th percentile 0.450132 75th percentile 0.543297
Skewness 0.45314 Kurtosis 0.388448 Kurtosis 0.475293
Kurtosis 0.40837 Skewness 0.382132 Skewness 0.467565
Median 0.372269 Median 0.3797 Median 0.456345
Standard deviation 0.366918 Standard deviation 0.325704 Standard deviation 0.396348
25th percentile 0.214527 10th percentile 0.261663 10th percentile 0.312299
Mode 0.206795 25th percentile 0.23982 25th percentile 0.288604
10th percentile 0.186052 Mode 0.13115 Mode 0.156768
Maximum value 0.175648 Range 0.085913 Range 0.101458
Range 0.174069 Maximum value 0.081438 Maximum value 0.09391
Minimum value 0.051351 Minimum value 0.080956 Minimum value 0.086166
Average 0.585357 0.531897 0.650814
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Figure 14. Prediction accuracy vs. percentile for (a) Random Forest Classifier (RFC), (b) Support Vector Machine (SVM), (c)
Logistic Regression, and (d) Bernoulli
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4.7.2 Mutual information contents

The MI content values are given in Table 4 and Figure 15,
from which the values range between 0.526 and 0.094. The
highest-ranked feature is the 90" percentile, whereas the
lowest-ranked feature is the minimum value.

performance was associated with RFC and the worst
performance was associated with Bernoulli.

Table 4. Feature ranking based on mutual information (MI)

The accuracy of using different percentiles with the four Feature MI
models is illustrated in Figure 16, where Figure 16(a) gives the 90th percentile 0.52617
accuracy using RFC, Figure 16(b) shows the accuracy using 75th percentile 0.50563
SVM, Figure 16(c) gives the accuracy using Bernoulli, and . Median 0.48077
Figure 16(d) gives the accuracy using Logistic Regression. Width thIStOgiram 0.46100

. . . 25th percentile 0.43423

From the graphs in this figure, it is clear that the curves are not 10th percentile 0.41629
monotonica}lly increasing and, ir} some cases, the incregse.in Mode 0:361 4
the percentile caused a decrease in the accuracy. The majority Variance 0.29201
of the models gave the best result at the 50% percentile, and Entropy 0.28956
the best performance was achieved with RFC. Range 0.25540
Energy 0.23739

4.7.3 Machine learning Mean 0.23456

The last feature ranking method used is based on machine Coefficient of variation 0.22194
learning models, namely, RFC, SVM, Bernoulli, and Logistic Stﬁl dgrd %ew?tlon g}gzgé
Regression models. Each feature is used solely to train the asxlirenv:n:;ue 0.15512
models, and .the accuracy is evaluated. Table 5 presents the Kurtosis 0.14225
results obtained using the aforementioned approach to Minimal value 0.09406
evaluate the features. From the table, it is clear that the best
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Figure 15. Feature ranking based on mutual information (MI)
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Figure 16. The accuracy of the models according to the percentile: (a) Random Forest Classifier (RFC), (b) Support Vector
Machine (SVM), (c¢) Bernoulli, (d) Logistic Regression

Table 5. The accuracy of the four models used with respect to features

Feature RFC Feature SVM Feature Ber Feature Iﬁgg
Width of histogram 0.942 90th percentile 0.831 Median 0.550 90th percentile 0.829
90th percentile 0.914 Width of histogram 0.815 Standard deviation 0.550 Entropy 0.807
75th percentile 0.901 Entropy 0.809 Mode 0.544 Width of histogram 0.807
25th percentile 0.887 Coctficient of 0.790 75th percentile 0.541 Variance 0.801
varlation
Median 0.884 Variance 0.787  Width of histogram  0.525 Cocfficient of 0.785
varlation
Mode 0.848 Mean 0.782 10th percentile 0.519 Mean 0.779
10th percentile 0.831 Energy 0.735 Range 0.519 Energy 0.749
Standard deviation 0.754 75th percentile 0.710 90th percentile 0.514 75th percentile 0.746
Variance 0.738 Standard deviation 0.696 25th percentile 0.511 Standard deviation 0.693
Entropy 0.729 Skewness 0.685 Coefficient of 0.503 Median 0.691
variation
Coefficient of 0.715 Median 0.680 Energy 0.503 Skewness 0.691
variation

Mean 0.715 Kurtosis 0.657 Entropy 0.503 Kurtosis 0.669
Energy 0.713 10th percentile 0.610 Kurtosis 0.503 25th percentile 0.655
Range 0.707 25th percentile 0.597 Mean 0.503 Mode 0.649
Maximum value 0.663 Mode 0.577 Skewness 0.503 10th percentile 0.613
Skewness 0.644 Maximum value 0.541 Variance 0.503 Maximum value 0.544
Kurtosis 0.613 Range 0.541 Maximum value 0.494 Range 0.541
Minimum value 0.575 Minimum value 0.503 Minimum value 0.481 Minimum value 0.519

Note: RFC = Random Forest Classifier, SVM = Support Vector Machine.

4.7.4 Overall feature importance

The final stage is to find the overall feature ranks based on
the four aforementioned methods; the final rank can be
determined by finding the sum of all ranks. The three methods
were used because they assess feature relevance from different
perspectives. For instance, correlation analysis measures the
statistical association between individual features and the class
label, MI quantifies the amount of shared information
regardless of linearity, and machine learning-based evaluation
assesses the discriminative capability of each feature when
used independently. These evaluation measures are therefore
considered complementary indicators of feature relevance
rather than direct measures of predictive ability. By
considering these complementary evaluation criteria together,
the proposed framework provides a comprehensive
assessment of feature relevance and reduces the possibility of
selecting features based on a single evaluation measure. Table
6 lists the overall feature ranks.

Based on the combined evaluation criteria, the features with
the highest overall relevance scores were selected for the final
classification stage. These features consistently demonstrated
stronger statistical association, higher information content,
and greater discriminative capability than the remaining
features. Their final predictive performance was subsequently
validated using the machine learning classifiers.

The proposed approach initially evaluates the features
independently to determine their individual importance.
However, the final classification models are trained using the
selected features as a combined feature vector, allowing the
classifiers to implicitly capture the interactions and
complementary information among the selected features.
Higher-order feature interactions analysis is beyond the scope
of this study and is considered for future work.

Table 7 and Figure 17 show the results obtained when using
the aforementioned features to train the models.
Precision/recall/accuracy measures were adopted as they are
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widely used in the literature. For more information about these models, we can observe that the best performance was
measures, please refer to the previous study [1]. From Table 7 achieved with the RFC, for which the accuracy reached
and Figure 17, which show the confusion matrices of the four 95.85%.

Table 6. Feature ranking based on the three evaluation methods

Feature Pearson Kendall Spearman MI RFC SVM Ber Log Reg All
90th percentile 0.580 0.496 0.602 0.526 0914 0.831 0.514 0.829 5.292
Width of histogram 0.555 0.508 0.618 0.461 0.942 0.815 0.525 0.807 5.231
Entropy 0.585 0.532 0.651 0.290 0.729 0.809 0.503 0.807 4.906
75th percentile 0.479 0.450 0.543 0.506 0.901 0.710 0.541 0.746 4.875
Coefficient of variation 0.547 0.521 0.637 0.222 0.715 0.790 0.503 0.785 4.720
Variance 0.517 0.474 0.580 0.292 0.738 0.787 0.503 0.801 4.692
Mean 0.531 0.459 0.562 0.235 0.715 0.782 0.503 0.779 4.566
Median 0.372 0.380 0.456 0.481 0.884 0.680 0.550 0.691 4.493
Energy 0.522 0.453 0.555 0.237 0.713 0.735 0.503 0.749 4.467
Standard deviation 0.367 0.326 0.396 0.199 0.754 0.696 0.550 0.693 3.982
Skewness 0.453 0.382 0.468 0.155 0.644 0.685 0.503 0.691 3.980
Kurtosis 0.408 0.388 0.475 0.142 0.613 0.657 0.503 0.669 3.856
25th percentile 0.215 0.240 0.289 0.434 0.887 0.597 0.511 0.655 3.826
10th percentile 0.186 0.262 0.312 0.416 0.831 0.610 0.519 0.613 3.751
Mode 0.207 0.131 0.157 0.361 0.848 0.577 0.544 0.649 3.475
Range 0.174 0.086 0.101 0.255 0.707 0.541 0.519 0.541 2.926
Maximum value 0.176 0.081 0.094 0.194 0.663 0.541 0.494 0.544 2.788
minimum value 0.051 0.081 0.086 0.094 0.575 0.503 0.481 0.519 2.390

Note: MI = mutual information, RFC = Random Forest Classifier, SVM = Support Vector Machine.

Table 7. Precision, recall, F1-score, and accuracy of the four models using the optimal features

Model Precision Recall F1-Score Accuracy %
Normal 0.96 0.96 0.96
Abnormal 0.96 0.96 0.96
RFC Macro average 0.96 0.96 0.96 9585
Weighted average 0.96 0.96 0.96
Normal 0.74 0.97 0.84
Abnormal 0.95 0.67 0.79
SVM Macro average 0.85 0.82 0.81 81.76
Weighted average 0.85 0.82 0.81
Normal 0.80 0.92 0.86
i . Abnormal 0.90 0.78 0.84
Logistic Regression Macro average 0.85 0.85 0.85 84.80
Weighted average 0.85 0.85 0.85
Normal 0.69 0.33 0.45
. Abnormal 0.56 0.86 0.68
Bernoulli Macro average 0.63 0.59 0.56 3939
Weighted average 0.63 0.59 0.56

Note: RFC = Random Forest Classifier, SVM = Support Vector Machine.

5 - 0.4 g 0.4
S S
2 P
T =
_ L 0.3
2 2
3 3
2 2
= 0.2 E?
= =
£ £
5 (=}
Z Z
0.1 0.1
Has Cancer Normal Has Cancer Normal
Predicted Label Predicted Label
(a) (b)

2565



(c)

[ 1 0.45
F0.40
Tt 5 St
qg 0.40 é 0ss
< (51 - VU.
= L 035 © 0.33
< <
w T L 030
- 0.30
) )
=3 =} - 2
i - 0.25 5 028
2 g
= 0.20 2 0.20
= =
£ E 0.072 0.43
= 0.15 S 0.15
0.10 0.10
0.05
Has Cancer Normal Has Cancer Normal
Predicted Label Predicted Label

(d)

Figure 17. Confusion matrix of the models: (a) Random Forest Classifier (RFC), (b) Support Vector Machine (SVM), (¢)
Logistic Regression, and (d) Bernoulli

Table 8. Results benchmarking

#  Research Approach Dataset Number of Images  Accuracy %
1. ELD[21] PCA, KNN Harvard Medical School (HMS) 7 rormal and 98
abnormal
2 70 [22] SVM Bayer Scheri(%gsli)l;arma dataset 101 85
3. ZN [23] FMC, SRG, JSC - - 90
4. CUI[24] LFC - - 83 to 95
5. SAC [25] ANN PCA-ANN Custom 55 patients 77 to 91
6. ELD [26] PCNN Harvard Medical School (HMs) 101, 14 normal and 99
87 abnormal
7. KV [27] PCA, RBF, SVM Harvard Medical School (HMS) - 94
8. DR [28] ANN - - 85
40 85
9. AM [29] K-means, SOM-NN, KNN Custom 60 96. 6
70 94.28
10, BAH BWT, SVM, ANFIS, BP-ANN, KNN Custom 135 images of 15 80.29 to
[30] patients 96.51
101, 14 normal/ 87
abnormal
. 75, 15 normal/ 60 100
11.  GIL [31] Gabor, SVM Harvard Medical School (HMS) ’ 100
abnormal 100
70, 10 normal/ 60
abnormal
Custom 15 patients
BAH-2 Digital Imaging and 22
12. [32] GA Communications in Medicine 92.03
(DICOM)
Brain Web dataset (BWD) 44
13.  0Z[33] gﬁ 3Eg ISQIG\N/I Cancer Genome Atlas (TCGA) 500 3%
14. RZ [34] machine-learning classification Public brain MRI datasets 7023 95.56
15.  TM[35] KNN, SVM and neural-network classifiers Public brain MRI dataset 660 95.86
HOG, LBP and image-based feature .
16. KK [36] representations with RF, SVM, LR, KNN, Two pub(ilc Kaggle MRI Not clearly stated 99.00
atasets
NB and DT
17. MM [37] Statistical and CNN-derived features with Public binary brain MRI dataset Not clearly stated 94.83
one-class SVM
18.  Proposed Symmetry, FOS-RFC 3053 95.85

Note: PCA = Principal Component Analysis; KNN = K-Nearest Neighbors; SVM = Support Vector Machine; FMC = Fuzzy Mean Clustering; SRG = Seeded
Region Growing; JSC = Joint Sparse Coding; LFC = Local Feature Clustering; ANN = Artificial Neural Network; PCA-ANN = Principal Component Analysis—
Artificial Neural Network; PCNN = Pulse-Coupled Neural Network; RBF = Radial Basis Function; SOM-NN = Self-Organizing Map—Neural Network; BWT =

Backward Weight Transfer; ANFIS = Adaptive Neuro-Fuzzy Inference System; BP-ANN = Backpropagation Artificial Neural Network; GA = Genetic
Algorithm; CNN = Convolutional Neural Network; HOG = Histogram of Oriented Gradients; LBP = Local Binary Pattern; RF = Random Forest; LR = Logistic
Regression; KNN = K-Nearest Neighbors; NB = Naive Bayes; DT = Decision Tree; RFC = Random Forest Classifier; MRI = magnetic resonance imaging, FOS

= first-order statistics.
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4.8 Benchmarking

The results obtained in this study were benchmarked with
the following some state-of-the-art methods: El-Dahshan et al.
(ELD) [21], Zollner et al. (ZO) [22], Zanaty (ZN) [23], Cui et
al. (CUI) [24], Sachdeva et al. (SAC) [25], El-Dahshan et al.
(ELD) [26], Kumar and Vijayakumar (K'V) [27], Damodharan
and Raghavan (DR) [28], Anitha and Murugavalli (AM) [29],
Bahadure et al. (AM) [30], Gilanie et al. (GIL) [31], Bahadure
et al. (BAH-2) [32], Ozyurt et al. (OZ) [33], Rasheed et al.
(RZ) [34], Tahosin et al. (TM) [35], Kumar et al. (KK) [36],
and Mjahad and Munaz (MM) [37].

In our discussion, we mainly considered the accuracy and
number of images used in the dataset to benchmark our results
using the selected methods. From Table 8, it is clear that the
proposed algorithm has provided very good accuracy values
with RFC. Although some methods have reported accuracy
values above 95% and some reached 100%, such as ELD [21],
ELD [26], AM [29], and GIL [31], there is a certain limitation
with these algorithms, which is the small number of images
used in testing, where the number of images was 70, 101, 60,
and 101, 75, and 70 images, respectively.

The proposed framework achieved a competitive accuracy
using a consolidated dataset of 3,053 MRI images, which
indicates the robustness of the proposed approach.
Nevertheless, the comparative results should be interpreted in
the context of differences in dataset composition, MRI
sequences, preprocessing procedures, class distributions, and
evaluation protocols. Based on that, Table 8 is intended to
demonstrate the competitiveness of the proposed method
within the reported literature rather than provide a strictly
controlled head-to-head comparison.

5. CONCLUSION

This study demonstrated the effectiveness of symmetry-
based analysis combined with FOS features in detecting brain
abnormalities using MRI images. By evaluating 18 statistical
metrics through correlation, MI, and machine learning-based
methods, the research identified the most impactful features
for classification. The integration of these selected features
with an RFC achieved a high accuracy of 95.85%. The
proposed approach achieves competitive performance
compared with many state-of-the-art approaches, particularly
considering the larger dataset used. The results validate the
potential of symmetry-driven, feature-optimised CAD systems
in supporting reliable and scalable brain abnormality
detection. Future work may explore the incorporation of
higher-order statistical features and deep learning models to
further enhance diagnostic precision.

The utilisation of a consolidated dataset constructed from
diverse public MRI datasets has provided greater variability
and diversity than a single-source dataset and has enhanced the
robustness of the proposed framework by testing it under more
heterogeneous conditions. Future work will focus on
validating the proposed method using additional independent
clinical and multi-centre MRI datasets.

From a practical perspective, the proposed framework can
be integrated into CAD systems as an automated decision-
support module for brain MRI analysis. By exploiting bilateral
brain symmetry and a compact set of discriminative FOS
features, the framework can assist radiologists in identifying
suspicious abnormalities, prioritizing cases for further
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examination, and improving diagnostic consistency while
maintaining low computational complexity.

Beyond its classification performance, the proposed
framework demonstrates the applicability of intelligent
information processing techniques to medical image analysis.
The proposed symmetry-based framework provides an
efficient and interpretable approach that can support CAD and
future medical information systems for automated brain MRI
analysis.
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