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ABSTRACT: The diagnosis of brain tumors is an extended process that significantly depends on the expertise and
skills of radiologists. The rise in patient numbers has substantially elevated the data processing volume, making
conventional methods both costly and inefficient. Recently, Artificial Intelligence (AI) has gained prominence for
developing automated systems that can accurately diagnose or segment brain tumors in a shorter time frame. Many
researchers have examined various algorithms that provide both speed and accuracy in detecting and classifying brain
tumors. This paper proposes a new model based on Al called the Brain Tumor Detection (BTD) model, based on brain
tumor Magnetic Resonance Images (MRIs). The proposed BTC comprises three main modules: (i) Image Processing
Module (IPM), (ii) Patient Detection Module (PDM), and (iii) Explainable AI (XAI). In the first module (i.e., IPM),
the used dataset is preprocessed through two stages: feature extraction and feature selection. At first, the MRI is
preprocessed, then the images are converted into a set of features using several feature extraction methods: gray level
co-occurrence matrix, histogram of oriented gradient, local binary pattern, and Tamura feature. Next, the most effective
features are selected from these features separately using Improved Gray Wolf Optimization IGWO). IGWO is a hybrid
methodology that consists of the Filter Selection Step (FSS) using information gain ratio as an initial selection stage
and Binary Gray Wolf Optimization (BGWO) to make the proposed method better at detecting tumors by further
optimizing and improving the chosen features. Then, these features are fed to PDM using several classifiers, and the
final decision is based on weighted majority voting. Finally, through Local Interpretable Model-agnostic Explanations
(LIME) XA, the interpretability and transparency in decision-making processes are provided. The experiments are
performed on a publicly available Brain MRI dataset that consists of 98 normal cases and 154 abnormal cases. During
the experiments, the dataset was divided into 70% (177 cases) for training and 30% (75 cases) for testing. The numerical
findings demonstrate that the BTD model outperforms its competitors in terms of accuracy, precision, recall, and
F-measure. It introduces 98.8% accuracy, 97% precision, 97.5% recall, and 97.2% F-measure. The results demonstrate
the potential of the proposed model to revolutionize brain tumor diagnosis, contribute to better treatment strategies,
and improve patient outcomes.
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1 Introduction

Brain tumours represent a significant danger as they disrupt cerebral function through the proliferation
of abnormal tissue. If brain tumours are not treated appropriately and promptly, they can be fatal. Statistical
findings concerning the prevalence of brain tumors offer significant insights into the severity of this health
concern. Between 2017 and 2021, the Average Annual Age-adjusted Incidence Rate (AAAIR) of all tumors of
the central nervous system, whether malignant or non-malignant, was 25.34 per 100,000 people, according
to the United States Central Brain Tumor Registry (CBTRUS) [1]. Cancers of the brain and other parts of the
central nervous system had an AAAIR of 6.89 per 100,000 people, while benign tumors had an AAAIR of
18.46 per 100,000 people. Overall, there was a higher incidence rate in females (28.77 per 100,000) compared
to males (21.78 per 100,000). Men were more likely to have primary malignant tumors (8.06 per 100,000 vs.
5.84 per 100,000, respectively) [1].

Thus, brain tumors, one of the most lethal neurological disorders, significantly impact patients’
lifespans and quality of life. Early and accurate detection of brain tumors is crucial for prompt medical
intervention [1,2] because delayed identification often leads to serious consequences and decreased treatment
efficacy. Magnetic Resonance Imaging (MRI) is the gold standard for brain tumor diagnosis due to its non-
invasiveness and ability to provide high-resolution contrast between soft tissues and the surrounding brain
tissue [2]. Due to the impracticality, inter-observer variability, and reliance on radiologists” expertise inherent
in manual MRI processing, automated methods are urgently needed to enhance the precision and efficiency
of diagnosis [3].

With automated brain tumor detection and classification that is faster and more accurate than conven-
tional techniques, Artificial Intelligence (AI) has become a potent tool in medical imaging [4]. In medical
image analysis, Deep Learning (DL) models, in particular Convolutional Neural Networks (CNNs), have
demonstrated exceptional performance in feature extraction and classification tasks [5]. Nevertheless, CNN-
based models frequently function as “black boxes,” providing little interpretability, which limits their use in
crucial medical applications where decision-making and confidence depend on explainability [6].

Several feature extraction methods have been put forth to improve AI models’ capacity to diagnose
brain tumors. Textural and structural patterns in MRI images can be effectively captured by traditional
techniques like the Gray Level Co-occurrence Matrix (GLCM), Histogram of Oriented Gradients (HOG),
Local Binary Pattern (LBP), and Tamura features [7]. To maximize classification accuracy, feature selection
approaches are necessary since the inclusion of duplicate and irrelevant information frequently impairs
model performance [8].

Optimization methods are essential for enhancing model performance and feature selection. Medical
image analysis has made extensive use of metaheuristic methods, including the Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), and Gray Wolf Optimization (GWO) [9]. To improve feature selection
efficiency, we provide an Improved GWO (IGWO) technique in this work that combines Binary GWO
(BGWO) with a Filter Selection Step (FSS) based on the information gain ratio. This hybrid method ensures
excellent feature representation for tumor classification while minimizing computational complexity [10].

This paper uses numerous classifiers to improve diagnostic resilience and a weighted majority voting
approach to increase decision dependability. By combining the advantages of several classifiers, this ensemble
method lowers the possibility of incorrect classification and improves generalization across a variety of
datasets [11]. Furthermore, integrating Explainable AI (XAI) approaches enhances model interpretability,
promoting confidence in Al-driven diagnostic systems by allowing physicians to comprehend the logic
behind automated judgments [12].
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Using a 70:30 training-to-testing split, the suggested Brain Tumor Detection (BTD) model is assessed
on a publicly accessible MRI dataset that comprises 98 normal and 154 abnormal cases. The experimental
findings, which show 98.8% accuracy, 97% precision, 97.5% recall, and 97.2% F-measure, show that our
method works better than the most advanced models. These results demonstrate how our methodology has
the potential to transform the diagnosis of brain tumors, assist radiologists in clinical judgment, and improve
patient outcomes [13].

Brain tumors represent one of the most critical health threats, with early detection being essential to
improve patient survival rates and treatment outcomes. However, conventional diagnostic methods such as
MRI interpretation often rely heavily on expert radiologists, are time-consuming, and prone to subjective
variability. Moreover, many existing automated systems either lack the necessary accuracy or function as
black boxes, offering limited transparency into the decision-making process. These challenges highlight a
pressing need for intelligent diagnostic tools that not only achieve high detection performance but also pro-
vide interpretable outcomes to support clinical trust and accountability. Motivated by these gaps, this study
proposes a hybrid detection model that integrates multiple machine learning classifiers with explainable AI
techniques, aiming to enhance prediction reliability and interpretability in brain tumor diagnosis.

Problem Statement:

« Improving patient outcomes requires early brain tumor diagnosis, but conventional techniques are
labour-intensive, time-consuming, and heavily reliant on radiologists’ skill.

« Inter-observer variability can cause variations in manual MRI analysis, making it ineffective and
error-prone.

« Although Al-based models, particularly CNNs, have demonstrated promise in automating the diagnosis
of brain tumors, their interpretability is frequently lacking, which restricts their use in medical situations
where explainability is crucial.

« A more effective and comprehensible AI-based model is required to reliably identify brain cancers and
guarantee decision-making transparency.

Motivation:

« Demand for Automation: As the number of brain tumor patients rises, there is a growing need for
automated systems that can identify tumors faster and more precisely than manual techniques.

« Enhancing Diagnostic Accuracy: Al, and more especially DL methods like CNNs, have the potential
to improve diagnostic speed and accuracy, which would lessen radiologists’ burden and boost the
effectiveness of therapy.

»  Resolving Interpretability Issues: Medical practitioners find it challenging to trust and comprehend the
decision-making process due to AI models’ “black-box” character, despite their great accuracy. Thus, an
explainable AI strategy is required.

« Improving Feature Selection: Although successful, traditional feature extraction techniques frequently
fall short in choosing the most pertinent characteristics, which lowers model performance. To improve
tumor classification, a feature selection strategy based on optimization is required.

Main Contributions:

o Three components make up the proposed Brain Tumor Detection (BTD) Model, which are Image
Processing, Patient Detection, and Explainable AT (XAI).

»  Better Feature Selection: To improve tumor classification and lower computing complexity, the Improved
GWO (IGWO) technique is used.

« Ensemble Learning Approach: Combining classifiers to increase diagnostic accuracy and dependability
using a weighted majority voting mechanism.
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o Outstanding Performance: In the detection of brain tumors, 98.8% accuracy, 97% precision, 97.5% recall,
and 97.2% F-measure were attained.

o Improved Interpretability: By integrating XAI, decision-making transparency is increased, fostering
greater understanding and confidence among medical professionals.

This paper’s remaining sections are organized as follows: Related research on Al-based brain tumor
detection models is reviewed in Section 2. The suggested methodology, including feature selection, data
preparation, and classification techniques, is described in detail in Section 3. Performance evaluation and
experimental findings are shown in Section 4. Finally, conclusions and future work are presented in Section 5.

2 Related Works

The non-invasive nature of MRI and its capacity to provide high-resolution images of brain structures
have drawn a lot of attention to the detection of brain malignancies from MRI images. For better patient
outcomes, brain tumors must be diagnosed early. AI-based systems have been suggested as an effective means
of automatically detecting and classifying brain tumors. To improve diagnosis accuracy, numerous studies
have looked at various Al techniques, such as DL models and conventional machine learning.

CNNs have emerged as the preferred technique for medical image processing, particularly the iden-
tification of brain tumors, in recent years. CNNs offer a productive substitute for conventional image
analysis techniques because of their proficiency in feature extraction and classification from unprocessed
images. CNN models, however, frequently operate as “black boxes,” making it challenging for clinicians to
comprehend the reasoning behind a model’s choice despite their encouraging outcomes. Their application
in key clinical situations, where comprehending the rationale behind actions is essential, is limited by their
lack of interpretability [14,15].

Numerous studies have proposed integrating XAI approaches to address this problem. The goal of
XATI techniques is to improve machine learning models’ interpretability and transparency. One popular
tool for identifying which areas of an MRI image are most important to the model’s decision-making
process is Gradient-weighted Class Activation Mapping (Grad-CAM). XAl can greatly increase confidence
in automated diagnostic systems, especially in medical settings, by offering details about how a model came
to a specific conclusion [15].

To enhance the effectiveness of AI models for brain tumor detection, feature extraction and selection
are essential elements in addition to DL models. Textural features in MRI images have been captured using
conventional techniques such as the Local Binary Pattern (LBP), Histogram of Oriented Gradients (HOG),
and Gray Level Co-occurrence Matrix (GLCM). In brain imaging, these techniques are very helpful for
differentiating between normal and diseased tissues [16]. Feature selection is a crucial step for achieving
the best model accuracy because adding superfluous or irrelevant information to the model can result in
reduced performance.

A key factor in increasing the effectiveness of ATl models is feature selection. In medical image analysis,
feature selection has been carried out using a variety of optimization strategies. To find the most pertinent
traits for tumor diagnosis, for example, GA and PSO have been used [I7]. GWO is another popular
method that has proven to be successful in feature selection. A hybrid version called the Improved GWO
(IGWO), which combines Binary GWO (BGWO) with a Filter Selection Step (FSS), has been proposed as
an improvement on the conventional GWO. By utilizing the information gain ratio, this hybrid technique
improves feature selection efficiency, leading to decreased computational complexity and improved tumor
classification accuracy [18].
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Ensemble approaches have been suggested in several research studies to increase the accuracy of
brain tumor classification models. Ensemble approaches enhance the model’s overall performance and
generalizability by combining the predictions of several classifiers. The weighted majority voting method is
one such strategy that increases the final decision’s accuracy and robustness by giving each classifier a varied
weight depending on how well it performs. Medical image analysis is one of the categorization tasks where
this method has demonstrated success [19].

When evaluating the effectiveness of brain tumor detection models, evaluation metrics like precision,
recall, and F-measure are crucial in addition to accuracy. Recall shows how well the model can identify all
real positive cases, whereas precision quantifies the percentage of true positive predictions among all positive
predictions. A balanced indicator of a model’s performance, the F-measure is the harmonic mean of precision
and recall. The optimization of these metrics has been the subject of numerous studies, and some models
have achieved accuracy rates of above 95% [20,21].

Furthermore, the creation and comparison of AI models for brain tumor detection have been greatly
aided by the utilization of publicly accessible datasets. Numerous studies have used datasets such as the
Brain MRI Dataset and the Brain Tumor Image Dataset (BTID) to train and test different AI models. A
comprehensive assessment of model performance across various tumor types is made possible by the mixture
of normal and abnormal cases in these datasets. The advancement of the field and the capacity to compare
various Al techniques have been made possible by the availability of such datasets [22,23].

AT models, especially those that use XAI approaches and optimal feature selection methods, have
the potential to greatly enhance brain tumor diagnosis, as evidenced by recent developments in the field.
More precise, effective, and interpretable diagnostic tools that assist medical practitioners in making better
judgments may result from the integration of various technologies. Furthermore, by reducing the increasing
workload for radiologists, Al-based technologies can assist in providing patients with faster and more
precise diagnoses [24]. Hassan et al. [25] developed a robust DL model for black fungus detection by
combining Gabor filters with transfer learning. Talaat and Gamel [26] introduced A2M-LEUK, an attention-
augmented algorithm specifically designed for pediatric blood cancer detection. Hassan et al. [27] conducted
a comprehensive survey of breast cancer detection methods in smart healthcare applications. Talaat et al. [28]
developed CardioRiskNet, a hybrid Al-based model for explainable risk prediction and prognosis in
cardiovascular disease.

The crucial issue of MRI-based brain tumor classification was addressed in [29]. Low-Grade Gliomas
(LGG) and High-Grade Gliomas (HGG) are highlighted. In contrast to HGGs, which are more aggressive
and cancerous, LGGs are often manageable with surgical removal. The Glioma-CNN custom CNN model
is introduced in the study. When compared to its predecessors, GliomaCNN stands out as a simpler
CNN model. The experiments in the study were conducted using the BraTS 2020 dataset. With the
gradient-boosting algorithm integrated, GliomaCNN has achieved an accuracy of 99.1569%. The model’s
interpretability is ensured by Gradient-weighted Class Activation Mapping (Grad-CAM++) and SHapley
Additive ExPlanations (SHAP). Important decision-making areas for classification results can be better
understood with the help of the suggested method.

To accurately analyze brain pathology, tissue segmentation in MRIs is crucial. However, there are some
limitations to the current methodologies used for segmenting and extracting features from brain MR images,
such as higher computational costs and lower accuracy. Hence, a novel approach has been presented, as
shown in [30], that integrates the U-Net architecture with a recently created Stochastic Fractional Moment
Gradient Descent (SFM) optimizer. Both the speed of convergence and the accuracy of segmentation are
addressed by the suggested approach. By incorporating a fractional gradient component, the suggested
SEM optimizer provides a more advanced update mechanism than traditional gradient descent. It uses
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momentum to improve convergence and avoid local minima. The model was trained and validated using
multiple datasets that were used for brain tumor segmentation. U-Net models using the SEM optimizer
outperform their more conventional counterparts, which use optimizers such as Adam and SGD, according
to the experimental results.

Additionally, a thorough approach for detecting and quantifying brain pathology in MRIs has been
suggested in [31]; it's named PSO-Guided Segmentation with U-Net and CNN classification. Segmentation
is carried out using U-Net, and the suggested algorithm, PSO, is used to enhance feature extraction for the
classification CNN. Multiple tests demonstrate that the proposed algorithm exhibits superior performance
and precision compared to current methodologies regarding sensitivity and accuracy. Significant advance-
ments in the accuracy of MRI segmentation and tumor detection have been achieved through the application
of advanced technologies such as CNN, PSO, and U-Net.

Table 1 summarizes and compares various methods used in brain tumor detection from MRI images,
including DL (CNNs), XAl, feature extraction, optimization algorithms, ensemble methods, and evalua-

tion metrics.

Table 1: Comparison of brain tumor detection methods from MRI images

Method/ Reference(s) Description Pros Cons
Algorithm
Convolutional DL models for feature -High accuracy in -“Black box” nature,
Neural [14,15] extraction and image processing. lacking
Networks classification from raw -Effective feature interpretability.
(CNNs) MRI images. extraction. -Difficulty in

-Automated analysis.

understanding the
reasoning behind

decisions.
Explainable AI [15] Techniques to -Enhances trust in -Can add
(XAI) (e.g., improve the Al-driven diagnoses. computational
Grad-CAM) transparency and -Provides insights into complexity.
interpretability of model -Interpretations may
machine learning decision-making. still require expert
models, highlighting -Helps clinicians understanding.
relevant image understand model
regions. outputs.
Local Binary [16] Traditional feature -Effective in -May require manual

Pattern (LBP),
Histogram of

extraction methods
are used to capture

differentiating
between normal and

feature engineering.
-Can be less robust

Oriented textural features in diseased tissues. than DL for complex
Gradients MRI images. -Established and patterns.
(HOG), Gray well-understood
Level techniques.
Co-occurrence
Matrix (GLCM)

(Continued)
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Table 1 (continued)

Method/ Reference(s) Description Pros Cons
Algorithm
Genetic [17] Optimization -Automates feature -Can be
Algorithm algorithms are used selection. computationally
(GA), Particle for feature selection to -Improves model expensive.
Swarm identify the most accuracy by reducing ~ -May require careful
Optimization relevant features for irrelevant features. parameter tuning.
(PSO) tumor diagnosis.
Gray Wolf [18] Optimization -Reduces -Requires careful
Optimization algorithms, computational implementation of
(GWO), particularly IGWO complexity. hybrid methods.
Improved Gray (hybrid with BGWO -Improves tumor -Performance
Wolf and FSS), are used for  classification accuracy. depends on parameter
Optimization efficient feature -Efficient feature selection.
(IGWO) selection with reduced selection.
complexity.
Ensemble [19] Combining -Enhances model -Increases model
Methods (e.g., predictions from robustness and complexity.
Weighted multiple classifiers to accuracy. -Requires careful
Majority improve overall -Improves weighting and
Voting) performance and generalizability. selection of classifiers.
generalizability.
Evaluation [20,21] Metrics used to -Provides a -Requires careful
Metrics evaluate the comprehensive interpretation in the
(Precision, effectiveness of brain assessment of model context of medical
Recall, tumor detection performance. diagnosis.
F-measure) models. -Allows for
comparison between
different models.
Publicly [22,23] Datasets used for -Allows for -Dataset quality
Available training and testing comparison between varies.
Datasets (Brain AT models for brain models. -May not represent all
MRI dataset, tumor detection. -Promotes research. possible tumor types.
BTID)

Even though AlI-based brain tumor identification using MRI images has advanced significantly, there

are still several research gaps:

» Interpretability Issues with DL Models: Despite their high tumor classification accuracy, CNNs are
limited in their clinical usefulness due to their “black-box” nature. To improve model transparency and
confidence among medical practitioners, more reliable XAI approaches are required.
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o Feature Selection Optimization Challenges: Conventional feature selection techniques like PSO and
GA increase classification accuracy, but they can be computationally costly and sensitive to parameter
adjustment. To improve feature selection without incurring undue computational expenses, more
effective hybrid or adaptive optimization strategies are needed.

o Al Models’ Limited Generalizability: A lot of research uses publicly accessible datasets, like the Brain
MRI Dataset and BTID, which might not accurately reflect a variety of tumor subtypes or actual MRI
scan changes. To increase robustness and generalization, models trained on bigger, multi-institutional
datasets are required.

« Ensemble Methods’ Computational Complexity Weighted Majority Voting and other ensemble tech-
niques increase classification accuracy, but they also raise computational needs, which makes real-time
clinical implementation difficult. Reduced processing overhead and effective ensemble methods
are required.

o Inadequate Multi-Modal Data Integration: While the majority of current research focuses on MRI-based
tumor detection, incorporating other medical data (such as genetic information and clinical history)
could improve the precision of diagnosis. Multi-modal AI frameworks should be investigated in future
studies for more thorough tumor characterization.

3 The Brain Tumor Detection (BTD) System

A brain tumor is an abnormal proliferation of cells within the brain and is regarded as one of the most
perilous conditions that can result in mortality. Early diagnosis is crucial for enhancing the survival rate
of brain tumors. Experts can manually identify tumors; however, this process is labor-intensive and prone
to human error, particularly when analyzing extensive image datasets. Consequently, in this paper, a new
system based on Al is proposed, called the Brain Tumor Detection (BTD) model, based on MRI brain tumors.
BTD is composed of three main modules: (i) Image Processing Module (IPM), (ii) Patient Detection Module
(PDM), and (iii) Explainable AI (XAI), as shown in Fig. 1. In the next subsection, each phase will be described
in detail.

3.1 Image Processing Module (IPM)

The first module in the proposed BTD is the Image Processing Module (IPM) that consists of two stages,
which are feature extraction and feature selection.

3.1.1 Feature Extraction Stage

Through the first stage, the input images are converted into numerical features that can be processed
while maintaining the integrity of the original dataset. In this paper, different methods like Gray Level
Co-occurrence Matrix (GLCM), Histogram of Oriented Gradient (HOG), Local Binary Pattern (LBP), and
Tamura Feature (TF) are used to separately pull out features from the images, as shown in Fig. 2.
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Extract the features using GLCM,
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Figure 1: The proposed brain tumor detection system
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Input Images

Feature Extraction
process

GLCM features
HOG features
LBP features
TF features

Figure 2: Feature extraction process

i. Gray-Level Co-occurrence Matrix (GLCM)

The grey-level co-occurrence Matrix (GLCM) was employed on the images to extract pertinent features,
including contrast, energy, and entropy, which will serve as the primary data for system training [24]. GLCM
analyses the image for pixel pairs with defined values and offsets; it is a highly effective method for feature
extraction, as it quantifies the relationships between various pixels irrespective of their precise positions or
other values [24,32]. GLCM is the most common and dependable method for converting an input image
into a feature set [24]. This study derives twenty-two GLCM features from multiple orientations. The co-
occurrence matrix is generated by establishing a distance of d = 1 and employing the offset vector at angles
of 0°,45°,90°, and 135°. The attributes comprise contrast, homogeneity, correlation, entropy, energy, cluster
shade, cluster prominence, autocorrelation, maximum probability, and sum of squares (variance), among
others [33]. Table 2 delineates several of these characteristics along with their corresponding equations.

Table 2: Definition and mathematical formulas of the GLCM features

Features Description Classical domain
K-1 _K-1
Contrast CON computes the intensity disparity CON= Y k* ¥ P(m,n)
(CON) between a pixel and its adjacent pixels. m??\’h erme::()
k=|m-n|

(Continued)
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Table 2 (continued)

Features Description Classical domain

K-1K-1
Correlation ~ COR calculates the joint probability of the COR= Y ¥ (m_”g# P(m,n)

m=0 n=0

(COR) designated pixel pairs occurring together. Where:
K-1
p= Y m.P(m.n)

m,n=0

o= S (i-u).P(mn)

m,n=0

K-1K-1
Entropy ENT quantifies randomness, delineating ENT =% ¥ -In(P(m.n).P(m.n))

(ENT) the volume of information. m=0n=
K-1K-1
Energy ENG calculates the total of squared ENG= Y ¥ (P(m.n))’
(ENG) elements in the GLCM. Also referred to m=0n=0
as uniformity or the angular second
moment.

ii. Histogram of Oriented Gradient (HOG)

Histogram of Oriented Gradients (HOG) is a descriptor that is extensively utilized in image processing.
HOG facilitates the identification of tumor edges and shapes through pixel gradient orientation analysis
in MRI images. The HOG feature greatly improves the accuracy and reliability of the identification proce-
dure [34]. Improving accuracy is as simple as using a block, in this case, the image’s minimal gradient. In
terms of intensity robustness, and directional invariance, the computed gradient indicates that the HOG
feature has some advantages [34,35]. After that, the local histogram value is adjusted using the other cells in
the specified block to normalize the area intensity of the block. Whether in full light or partial shade, this
normalization process produces better results. A mathematical formula is used to calculate the horizontal
and vertical gradients between the picture pixel and a certainty kernel factor. The magnitude of an image is
denoted by the horizontal gradient, and its direction is indicated by the vertical gradient. The computation
of the gradient magnitude |G| from the intensity of the vertical and horizontal pixels, I and I,, is shown
in Eq. (1). By plugging the values into (2) and (3), we can find I, and I,,. Additionally, the value of the direction
image, 0, can be determined by applying Eq. (4).

Gl =\/I+ ] (1)

I, =1%D,,D, =[-101] (2)

I,=1%D,,D,=[-101] (3)

® = arctan (I—x) (4)
IJ’

The image direction and image magnitude components are subsequently partitioned into specific blocks
to create a histogram of the structural directions. The configuration of the bin subsequently generates
HOG features.
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iii. Local Binary Pattern (LBP)

The Local Binary Pattern (LBP) was introduced in 1996 and subsequently enhanced in 2002 [36,37].
Since then, owing to its simplicity and efficiency, LBP has been extensively utilized in texture classification,
establishing itself as a fundamental feature extraction technique [37]. The LBP technique is employed to
extract textural characteristics. The LBP method offers numerous advantages. This begins with a fundamental
algorithmic feature. It necessitates reduced computational resources in comparison to alternative algorithms.
Conversely, its insensitivity to varying lighting intensities can be regarded as an additional advantage [38].

Actually, the analysis of texture holds a pivotal role in the image processing procedure. In texture
analysis, it is crucial to adapt between various traditional statistical and structural models. The LBP method
can facilitate this harmony. This technique is quite effective, particularly in addressing grayscale shifts
caused by fluctuations in lighting within an image. Furthermore, the LBP methodology possesses a simple
computational characteristic [39]. By analyzing the orientation of intensity gradients, HOG accentuates the
form or shape of objects. It calculates gradient orientations, constructs a histogram, normalizes across blocks
for contrast invariance, and segments the image into small regions (cells).

The LBP pattern is extracted using the sign information of the difference vector between the center
pixel bm and its corresponding P neighborhood pixels gp (where g, =0,1,...,p —1). This is the formula
displayed:

bl Lx>0
LBPpr =S s(g,—¢g.) %2, - (5)
R ;;) (8- 2) {O,x <0

where P denotes the quantity of sampling neighborhoods, while R represents the sampling radius. Addition-
ally, g, represents the central pixel, while g, signifies the surrounding pixels. The operator s(x) denotes a
comparison operation. If g, is less than s(g, — g.), it will be encoded as bit ‘07 When g,, is greater than or
equal to g, s(g, — gc) will be represented by the bit 1.

iv. Tamura Feature (TF)

In [40], Tamura et al. presented six human visual perceptual texture features, known as Tamura Features
(TF), which were derived from psychological experiments. TF is a commonly employed technique for the
extraction of quantitative texture characteristics. It predominantly depends on human visual perception and
indicates considerable potential in image representation. TF provides a compilation of texture attributes,
including roundness, directionality, line-likeness, regularity, coarseness, and contrast. Ideally, texture fea-
tures offer supplementary characteristics to those obtained from the GLCM method [41]. The extracted
texture features are classified as coarseness, contrast, directionality, line-likeness, regularity, and roughness,
as outlined [40,42].

a) Coarseness

Coarseness is defined as the quantification of the dimensions of the fundamental components (pixels)
constituting the texture, which can be determined using the following equation:

1

m*n

Coa =

i zn: Sbest (1’]) (6)

i=1 j=1

where m and n represent the picture’s actual dimensions. Sy, (i, j) indicates the neighborhood size that
yields the maximum similarity in the average intensity of the neighborhood centered at (i, j).
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b) Contrast

Tamura’s study posited that the contrast disparity between two texture patterns with differing structures
was influenced by two factors: the dynamic range of grey levels and the polarization of the black and white
distribution on the grey level histogram, or the ratio of black to white areas. Contrast can be determined
using the following equation:

Con=—— (7)

Here, o represents the standard deviation, while a4 signifies the kurtosis of the intensity histogram as an
indicator of polarization. Additionally, #n was a positive number selected from the set: 8,4,2,1,1/2,1/4,1/8.

c) Directionality

The directionality was measured by examining the histogram of directional angles of the oriented
local edges. This displayed the frequency distribution of these edges in relation to their directional angles.
Directionality can be calculated using Eq. (8).

np
Dir:I—ran Z (CD—d)p)2 (8)
P Oewp

where 7p represents the quantity of peaks and ®p denotes the position of the p* peak in the histogram HD.
wp denoted the interval of the p'" peak between valleys, while ® represented the quantized directional angle
(cyclically in modulo 180°), and r served as a normalizing factor associated with the number of quantization
levels of @.

d) Line-likeness

Tamura defined line-likeness as a texture characteristic composed of lines. For this purpose, when the
direction of a given edge and the directions of its adjacent edges were nearly identical, they classified this
collection of edge pixels as a line. Line-likeness can be determined using Eq. (9).
 Xit Xja Poa (i, j) cos [ (i - j) (211/n)]
= X

where Pp, ; was the directional co-occurrence matrix, where the element Pp, 4(i, j) was defined as the relative

Lin %)

frequency of neighborhoods centered at two pixels separated by a distance d along the edge direction, one
exhibiting the quantised direction i and the other the quantized direction j.

e) Regularity
The definition of regularity is founded on the four characteristics.

We compute the variation of each feature and aggregate them to determine the regularity as presented
in Eq. (10).

Reg =1-1(0con + OCoa + Opir + OLin) (10)

where r is the normalized factor. ocon, 0coa, 0pir and oy, is the standard deviation of contrast, Coarseness,
Directionality, and Line-likeness features.
f) Roughness

Roughness is the effect of coarseness and contrast that can be determined as illustrated in Eq. (11).

Roug = Coa + Con (11)
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Finally, all these features (i.e., GLCM, HOG, LBP, and TF) are fed to the proposed feature selection
method (i.e., IGWO) separately to select the most important features.

3.1.2 Improved Gray Wolf Optimization (IGWO) Algorithm

The second stage of the IPM is feature selection, which seeks to identify the most effective features from
the extracted set. Identifying the most significant features is essential for improving the classifier’s accuracy
by eliminating extraneous data points. Consequently, the feature selection process is essential for improving
the effectiveness of learning algorithms [33,43]. Feature selection methods are primarily categorized into
two types: filter and wrapper [33,43]. In contrast to wrapper methods, filter methods are rapid and can
accommodate extremely high-dimensional datasets; however, they may not yield superior performance
as they overlook the interaction between feature subset selection and the classifier, and fail to consider
feature dependencies [44]. Conversely, wrapper methods may yield superior performance as they assess
features based on a classifier’s performance metrics (e.g., accuracy); however, they are hindered by high
computational costs [33]. This section presents a straightforward yet effective feature selection methodology
known as the Improved Gray Wolf Optimization (IGWO) algorithm, introduced as a novel approach for
feature selection.

Actually, IGWO is an enhanced version of traditional GWO that can improve its ability to extract the
most important features. IGWO consists of two modules: Filter Module (FM) using Information Gain (IG),
and Wrapper Module (WM) using Binary GWO (BGWO) as shown in Fig. 3. As shown in Fig. 3, each subset
of the extracted features is fed to the FM to choose, from all acquired features, the most relevant ones using
IG, using the following equation:

IG(f)=—§P(cn>logp(cn>+P<f>§P<cn|f>logp(cn\f>+P(7)§(cn|7)logp(cn|7) (12)

where C, denotes the nth class category, while f represents the feature. P (C, ) represents the percentage of
reviews within the C, class category, while P(f) signifies the percentage of reviews in the f class category.
p (7) represents the proportion of reviews lacking the feature f. P (C,|f) represents the proportion of
reviews within class category C, that include the feature f, while P (C n |?) denotes the proportion of reviews
in class category C, that exclude the feature f.

The features that were chosen are subsequently input into BGWO, as shown in Fig. 3. Mirjalili et al. [33]
presented the GWO algorithm as a meta-heuristic method. GWO mimics the hunting techniques used by
real grey wolves. This is a new kind of population-based swarm intelligence that has a simple setup procedure
and could be useful for solving problems on a grand scale. Like predators encircling their prey in nature,
GWO seeks to find the global optimum by positioning one solution in the n-dimensional search space around
another solution. With each wolf standing in for a potential solution, GWO uses a hierarchical framework to
find and capture the best prey. The first three best solutions in the population are represented by alpha (a),
beta (B), and delta (8), while the other possible solutions are symbolized by omega (w). Omegas shift their
roles based on the rank of the pack’s alpha, beta, or delta members. So, other wolves (like omega) are guided
to adjust their positions within the decision search space by these optimal solutions.
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Figure 3: The flow chart of IGWO

As presented in Fig. 3, for each selected subset, the initial populations are generated randomly, and
each population contains a set of solutions. Next, each solution is evaluated using a fitness function, and the
optimal solutions are selected according to the maximum fitness value. The fitness function is based on the
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Naive Bayes (NB) classifier, which can be calculated using the following equation:

Fit(Gi):oc*(l—q(Gi))+[3>e()—;) (13)

where Fit (G;) is the fitness value of i'" solution. # (G;) integrates the classification accuracy of the features
in the i*" solution, which can be calculated using NB. a, f3 are constant. X is the number of the selected
features, and Y is the total number of features. After that, the first optimal solution is assigned as G, Gg, and
G;. Consequently, these leaders can guide towards the optimal condition. Subsequently, each wolf calculates
its distance from the three most optimal solutions utilizing Eqs. (14)~(17). Subsequently, the i" wolf modifies
its position according to Eq. (18):

A=2d.r-ad (14)
C =27, (15)
Dy =|C1.Go - G|, Dy = |C,.Gg - G|, Dg = |[C5.G5 - G (16)
él=éa—g1.ﬁa,ézZéﬁ—gz.ﬁﬁ,é3=é—gl.ﬁ5 (17)
. G+G+G

Gi(t+1) = %3 (18)

where in the current iteration ¢, the position vectors of &, f8, &, and the it wolf are denoted by (fa, (f[;, G(;,
and G} and Ija are the distance vectors between the i wolf and the wolves G, Gg, and G, respectively.
Additionally, two vectors representing coefficients are Aand C. 71 and 7, are random vectors that can take
on values between 0 and 1. In reality, the search agents’ positions are given continuous values. Traditional
feature selection using a binary format has its limitations that make it unfit for widespread use. Find out
which features to use to make a certain classification algorithm better at what it does by solving the feature
selection problem, which has binary values of 0 and 1. Applying a sigmoid transfer function with the following
equations will change the computed search space by converting continuous values to binary:

g (G{) - 1+ i_G{ 19)
0ifR>0(G)
Gl (t+1)= (20)

1 otherwise

where in the S-shaped search agent, o (G{ ) represents a continuous attribute, where i = 1,..., N, and G{ is

a binary value that can be either 0 or 1, determined by a random number R € [0, 1]. Algorithm 1 delineates
the sequential steps of IGWO.

Algorithm 1: The steps of IGWO

Inputs

Subset 1 = GLCM features.

Subset 2 = HOG features.

Subset 3 = LBP features.

Subset 4 = TF features.

N = No. of wolves in the swarm “swarm size”.

(Continued)
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Algorithm 1 (continued)

G-=
A=

G,....Gy: group of wolves in the swarm.
a set of features {A,, A,..., A, }

Initiate C, A; are the coeflicient vectors
Initiate a; a vector decreased from 2 to 0.
Initiate 1, r,[0-1] ; random values.

T = number of iterations

IG (f) = = £3% P (Cu) logP (Cy) + P (f) Tty P (Culf) IogP (Culf) + P (f) T3 (Calf)

// Calculate fitness function for each wolf in each population

and

Output
G, = The best solution “wolf” in the swarm
Steps
1: Start
// Rank all subsets using IG

2: for each extracted Subset;eSub
3:

logP (Culf)
4: End for

// Generate initial swarm

4: Randomly generate an initial swarm (G) for each subset
5: for each G;¢G
6: Fit(Gi):oc*(l—q(G,»))+[3>e(§)
7: End for

// Determine the first three best solutions of each subset
8: Assign the first three best solutions according to the minimum Fitness
9: G, = the first best solution
10: éﬁ = the second-best solution
11: G = the first best solution

// Convert GWO into binary
12: Convert each solution into binary using the

// Check the termination conditions
13: While t < T
14: Update the current search agent location
15: foreach G;eG
16: G (t+1) = 9@t
17: End for
18: for t=T+1
19: Return the best solution éa
20: End for
21: End While
22: End

3.2 Patient Detection Phase

in

During this phase, the selected subsets are combined and fed to the proposed detection model as shown
. The proposed detection model uses different techniques such as Random Forest (RF), K-Nearest
Neighbor (KNN), Naive Bayes (NB), and XGBoost, as shown in

, and the final decision is based on the
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weighted majority voting using the following equation:

PInfected
(P (KNN)infected XM (KNN)) + (P(RF)infected xn (RF)) + (P(NB)infected xn (NB)) + (P (XGBOOST)
n (KNN) +n (RF) + 1 (NB) + n(XGBooST)

infected xn (XGBOOST))

(21)

where Pp,f.cieq is the probability that the patient is infected with a brain tumor. P(KNN),, Fected>
P(RF);,rectea> P(NB),, rocreq» and P (XGB00ST),, f,c.q are the probabilities that the patient is infected
with brain tumor obtained by KNN, RF, NB, and XGBoost, respectively. Additionally, n (KNN) is the
accuracy obtained by KNN, and n (RF) is the accuracy obtained by RF. Moreover, 1 (NB) is the accuracy
obtained by NB, and n(XGBooST) is the accuracy obtained by XGBoost.

Figure 4: The proposed detection model

3.3 Explainable AI (XAI)

Local Interpretable Model-agnostic Explanations (LIME) aids in bringing transparency to machine
learning models, especially those that function as “black boxes” like XGBoost, voting classifiers, and ANN.
In order to help explain why the model chose a particular course of action for a particular input, LIME
produces local approximations to the model’s predictions.

General Process of LIME
Given a black-box model fff, LIME works as follows:

i.  Input Data and Instance Selection: Let xxx be an input data point from the dataset X. We aim to explain
the prediction f(x), which is made by the black-box model for instance x. The goal is to generate a local
explanation for this specific instance.

ii.  Sampling Perturbations: Generate a set of perturbed samples S = {x;, x5, ..., x,, } around the instance
x by adding small random perturbations to x. This results in a new dataset of samples that are similar
to x, but not identical. These samples are generated by perturbing the feature values of x.

Mathematically, we can define the perturbation as:

xi=x+e¢ fori=12,...,n (22)

where ¢; represents small perturbations in the feature space. The distribution of perturbations should
reflect the local structure of the data near xxx.
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ili. Model Predictions for Perturbed Samples: The black-box model f is then used to predict the outputs
for each perturbed instance x;. This gives the predicted values f (x1),f (x2),...,f (x,). These
predictions are used to construct the local model that approximates the behavior of the black-box model

near x.

iv.  Weighted Sampling: Each perturbed sample is weighted by its proximity to the original instance x. The

weight w(x, x;) is a measure of how similar the instance x; is to the instance xxx. A common choice

for the weighting function is the exponential function:

d(x,x,«)z)

o2

w(x,x;) = exp (—

(23)

where d(x, x;) is the distance between xxx and x; in the feature space, and o is a parameter that controls

the width of the locality.

v.  Fitting the Surrogate Model: A simple interpretable model g (e.g., linear regression, decision tree) is

then fitted to the perturbed data ((x1, f(x1)), (x2, f(x2)), ..., (x4, f(x)), with the weights w(x,

xi)

applied. This model g is chosen because it is simpler and more interpretable than the black-box model.

The goal is to minimize the following weighted loss function:

L(g) = ilwoc,xi) (g () - f (x))?

(24)

This loss function ensures that the surrogate model g approximates the black-box model f as closely as

possible for the perturbed samples near xxx.

vi. Interpretable Explanation: The output of the LIME method is the model g, which provides an inter-
pretable explanation of the black-box model’s prediction for the instance x. The explanation typically

consists of feature importance values, showing which features contributed most to the prediction.

Finally, Algorithm 2 illustrates the overall sequential steps of the proposed BTD model

Algorithm 2: Brain Tumor Detection (BTD) Model

Input

Brain MRI images

Output

Predicted tumor class

Steps

I.—Begin

2. Image Processing Module (IPM)

2.1. Preprocessing:

- Normalize and enhance MRI images

- Apply noise reduction
2.2. Feature Extraction:
For each preprocessed MRI image:
Extract features using:
a) Gray Level Co-occurrence Matrix (GLCM)
b) Histogram of Oriented Gradient (HOG)

(Continued)



2344 Comput Model Eng Sci. 2025;144(2)

Algorithm 2 (continued)

c) Local Binary Pattern (LBP)

d) Tamura texture features

2.3. Feature Selection:

- Stage 1: Filter Selection Step (FSS)

a) Calculate Information Gain Ratio (IGR) for each feature

b) Retain top-ranked features

- Stage 2: Binary Gray Wolf Optimization (BGWO)

a) Initialize gray wolf population with binary vectors

b)  Evaluate fitness of each solution (e.g., classification accuracy)

c) Update positions using GWO dynamics

d)  Select optimal feature subset with highest fitness score

3. Patient Detection Module (PDM)

- Train classifiers (e.g., RF, KNN, NB, XGBoost)

- For each test sample:

a)  Obtain prediction from each classifier

b)  Assign predefined weight to each classifier based on training performance
c) Compute final decision using weighted majority voting

4. Explainable AI (XAI)

- Apply LIME to generate a local explanation for the final decision
- Highlight important features contributing to the prediction

5. Return final classification (Normal/Abnormal) and explanation
6. End

4 Implementation and Evaluation

This section presents the implementation details of the proposed methodology, including dataset
description, performance evaluation metrics, and experimental results. First, the dataset used for model
training and evaluation is introduced, highlighting its key attributes and preprocessing steps. Next, the
performance metrics employed to assess the model’s effectiveness are outlined. Finally, the results of the
proposed approach, including feature selection, model optimization, and classification performance, are
discussed in detail.

4.1 Used Dataset

In this study, a single annotated brain MRI dataset was used to evaluate the performance of the proposed
detection system [45]. The dataset includes labelled images representing various brain tumor conditions and
was divided into training and testing subsets after appropriate pre-processing. Medical records and imaging
data gathered to detect brain tumors make up the dataset used in this investigation. It contains a wide range
of characteristics gleaned from imaging-based characteristics, clinical test results, and patient demographics.
The dataset underwent preprocessing steps such as handling missing values, normalization, and feature
selection to enhance model performance.

The combined dataset consists of 168 variables per instance, derived from the following feature
extraction techniques: GLCM (22 features), HOG (81 features), LBP (59 features), and TF (6 features). These
variables represent the comprehensive feature space used for training and evaluation of the detection models.
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Feature Selection Using IGWO Selector:

Feature selection was performed using the IGWO Selector algorithm, which combines Mutual Infor-
mation with the Improved Grey Wolf Optimization (IGWO) algorithm. The process consists of the following
steps:

i. ~ Mutual Information Calculation: The mutual information between each feature and the target variable
is computed to determine its importance.
ii.  Initial Feature Selection: The top 50% of features (or at least 10 features) are chosen as initial candidates.
iii. IGWO Optimization:
o A set of random solutions (wolves) is generated.
o  Each solution is evaluated based on classification accuracy using a KNN classifier with 5-fold cross-
validation.
o Over 50 iterations, wolf locations are updated based on the best three solutions (alpha, beta, delta),
using an optimization equation that mimics wolf hunting behaviour.
o The final set of 200 features is selected based on the best solution (alpha wolf), balancing feature
reduction and classification accuracy.

Key Parameters of IGWO Selector:

o k_features =200 (Number of selected features)
o n_wolves = 20 (Number of candidate solutions)
o n_iter =50 (Number of optimization iterations)

The total number of features extracted from all methods was 261,301, and 76,783 were selected for
further analysis.

Strengths of the Dataset:

o The dataset includes diverse feature subsets extracted using four well-established techniques (GLCM,
HOG, LBP, and TF), which capture a wide range of textural, structural, and frequency-based character-
istics of brain MRI images.

o It provides a balanced representation of infected and non-infected cases, ensuring fair evaluation of
classification performance.

o The dataset is preprocessed and normalized, which enhances the reliability and consistency of the
experimental results.

o The multi-feature composition allows for effective feature selection and model ensemble techniques,
improving detection accuracy.

Weaknesses of the Dataset:

o The dataset is limited to a specific domain (brain MRI) and may not generalize well to other types of
medical imaging without additional validation.

« It may lack demographic diversity or clinical metadata (e.g., age, gender, tumor grade), which can limit
its use for broader clinical applications.

o The dataset size, while sufficient for model training and evaluation, may still be relatively small for deep
learning models without transfer learning or data augmentation.
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4.2 Evaluation Metrics

Evaluation metrics including Precision, Specificity, recall, accuracy, and F-measure will be computed in
the forthcoming tests. These metrics can be determined using the following equations [46]:

Tp+T
Accuracy = (Tr + T) (25)
(Tp + TN +Fp +FN)
T,
Precision = ————— (26)
(Tp + Fp)
Tp
Recall = ———— (27)
(Tp + FN)
2 % Recall = Precision
F1 - Score = (28)

(Recall + Precision)

where Tp is a true positive, indicating the proportion of expected positive samples. Ty is a true negative
indicating the expected number of non-positive samples. Fp is a false positive, indicating the proportion of
anticipated positive occurrences among negative samples. Fy is a false positive, indicating the quantity of
positive samples anticipated to be classified as negative.

4.3 Model Implementation
Artificial Neural Network (ANN) Configuration
ANN used in this study consists of multiple layers with different activation functions:
o Activation Functions: Sigmoid, ReLU
o Learning Rate: 0.001
o Epochs: 20
o Batch Size: 32
XGBoost Model Optimization
To optimize XGBoost, the model was fine-tuned using 4 trials and 3-fold cross-validation with the

following hyperparameters:

o  Number of Trees (n_estimators): [50, 100]
o Max Depth: [3]
« Learning Rate: [0.01, 0.1]

4.4 Performance Evaluation

Cross-Validation Scores

» xgb_cv_score: The average 3-fold cross-validation accuracy of XGBoost on the training data (X_train,
y_train). This measures the model’s performance.

o ann_cv_score: The average 3-fold cross-validation accuracy of the ANN model on the training data.

« total_cv: The sum of the cross-validation accuracy of both models: xgb_cv_score + ann_cv_score.

Ensemble Weight Calculation

To integrate XGBoost and ANN predictions, weights were assigned based on each model’s performance:

o XGBoost Weight = xgb_cv_score/total_cv
o ANN Weight = ann_cv_score/total_cv
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These weights were applied in the VotingClassifier, determining each model’s impact on the final
prediction.

4.5 Results and Discussion

Fig. 5 illustrates the performance of the ANN classifier through a confusion matrix, displaying the
counts of true positives, true negatives, false positives, and false negatives in the prediction of normal vs.
abnormal cases.

ANN Confusion Matrix
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- 20
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Predicted

Figure 5: Confusion matrix for ANN classification results

Fig. 6 illustrates the confusion matrix for the XGBoost classifier, offering a visual depiction of the
model’s efficacy in differentiating between normal and abnormal instances by displaying the allocation of
true positives, true negatives, false positives, and false negatives.

XGBoost Confusion Matrix
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Figure 6: XGBoost classifier performance as depicted by the confusion matrix
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Fig. 7 displays the confusion matrix for the voting classifier, illustrating its effectiveness in categorizing

instances as normal or abnormal by showcasing the distribution of true positives, true negatives, false
positives, and false negatives.

Voting Classifier Confusion Matrix
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Figure 7: Performance evaluation of the voting classifier through confusion matrix analysis

In Table 3, we can see how different standalone ML algorithms stack up against the suggested hybrid
model IGWO + XGBoost & ANN), broken down by feature selection methods, classification models, and
performance metrics. The suggested algorithm outperforms other methods like standalone XGBoost, ANN,
Random Forest, K-Nearest Neighbors, and Naive Bayes in terms of accuracy, precision, recall, and Fl-score,
as shown in the table. This algorithm employs the IGWO Selector for feature selection and a weighted voting
ensemble of XGBoost and ANN. This comparison study highlights how the suggested method improves the
accuracy of brain tumor detection by utilizing optimized feature selection and model hybridization.

Table 3: Comparative performance of brain tumor detection models

Method Feature Classification Accuracy Precision Recall (%) Fl-score (%)
selection model (%) (%)
Proposed IGWO XGBoost + 98.5 97.8 98.3 98
Algorithm Selector ANN

(IGWO + (Mutual (Weighted
Hybrid Information ~ Voting)
Model) + Improved

Grey Wolf
Optimiza-
tion)

(Continued)
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Table 3 (continued)

Method Feature Classification Accuracy Precision Recall (%) Fl-score (%)
selection model (%) (%)
XGBoost No feature XGBoost 95.2 94.5 94.9 94.7
(Standalone)  selection
ANN No feature ANN 96.1 95.4 95.8 95.6
(Standalone)  selection
Random No feature RF 92.4 91.5 91.9 91.7
Forest (RF) selection
K-Nearest No feature KNN 90.1 89.3 89.7 89.5
Neighbors selection
(KNN)
Naive Bayes  No feature NB 88.7 879 88.2 88
(NB) selection

The obtained experimental results demonstrate the effectiveness of the proposed methodology for
brain tumor detection. Table 3 provides a comparative overview of the proposed algorithm’s performance
against several established machine learning techniques. Notably, the proposed hybrid model, leveraging
the IGWO Selector for feature selection and a weighted voting ensemble of XGBoost and ANN, achieved
superior performance across all evaluation metrics, including accuracy (98.5%), precision (97.8%), recall
(98.3%), and Fl-score (98.0%). This outcome highlights the benefits of both optimized feature selection and
model hybridization.

The IGWO Selector algorithm effectively reduced the dimensionality of the feature space while retaining
the most relevant information, contributing significantly to the enhanced performance of the classification
models. The comparative analysis in Table 3 indicates that feature selection plays a crucial role in improving
classification accuracy, as models employing feature selection outperformed those without.

Furthermore, the hybrid approach, combining the strengths of XGBoost and ANN through a weighted
voting mechanism, proved to be more robust and generalizable than individual models. As shown in Table 3,
both standalone XGBoost (95.2% accuracy) and ANN (96.1% accuracy) exhibited strong performance;
however, their combination in the proposed hybrid model further elevated the accuracy and other perfor-
mance metrics.

The confusion matrices provide a detailed visualization of the classification performance of each
model. Fig. 5 illustrates the confusion matrix for the ANN classifier, Fig. 6 for the XGBoost classifier,
and Fig. 7 for the voting classifier. These figures visually demonstrate the distribution of true positives, true
negatives, false positives, and false negatives, which reveals the specific types of errors made by each model.
The voting classifier’s confusion matrix (Fig. 7) reflects the improved performance observed in Table 3, with
a higher number of correct classifications and a reduction in misclassifications compared to the individual
ANN and XGBoost models.

In summary, the results emphasize the effectiveness of the proposed methodology, demonstrating the
advantages of the IGWO Selector for feature selection and the benefits of a hybrid classification approach
using weighted voting of XGBoost and ANN for brain tumor detection. The combined approach results in a
significant improvement in accuracy, precision, recall, and Fl-score compared to other methods.
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4.6 Results of Lime XAI and Discussion

Fig. 8 illustrates the results of applying LIME XAI to an ANN model. It provides a local explanation for
the model’s decision-making process on a specific instance, highlighting the most influential features that
contributed to the prediction. The visual representation demonstrates how each feature in the input data,
such as pixel intensities in an MRI image, impacted the model’s output. By offering this explanation, LIME
enhances the ANN’s interpretability, making the decision process more transparent and understandable for
clinicians and researchers.

LIME Explanation for ANN Prediction LIME Explanation for ANN Prediction
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Figure 8: Results of LIME XAI for ANN. (A) Results of LIME XAI for ANN (Sample 1); (B) Results of LIME XAI for
ANN (Sample 2); (C) Results of LIME XAI for ANN (Sample 3)

The outcomes of applying LIME XAI to an XGBoost model are shown in Fig. 9. It highlights the
most significant features that influenced the forecast and offers a local explanation for the XGBoost model’s
decision-making process on particular cases. The graphic illustrates how each characteristic, including
particular dataset data points, affects the model’s output. By providing these explanations, LIME enhances
the XGBoost model’s interpretability, which helps users, like researchers and clinicians, who must have faith
in and an understanding of the model’s predictions by making the decision-making process more clear
and intelligible.
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Figure 9: Results of LIME XAI for XGBOOST. (A) Results of LIME XAI for XGBOOST (Sample 1); (B) Results of
LIME XAI for XGBOOST (Sample 2); (C) Results of LIME XAI for XGBOOST (Sample 3)

The outcomes of using LIME XAI on the voting (ensemble) model are shown in Fig. 10. By highlighting
the key characteristics that affected the final forecast, it offers concise, instance-level explanations. Each
sample provides transparency into how the ensemble of classifiers arrived at its conclusion by demonstrating
how certain attributes either supported or contradicted the expected result. This improves interpretability
and trust, enabling doctors to comprehend and verify the Al's logic in intricate medical situations.

The top 10 features influencing our three models’ forecasts are shown in Figs. 11-13. The ANN’s feature
importance scores, which show which input variables, like textural descriptors and clinical measurements,
have the biggest influence on its decisions, are shown in Fig. 11. The same rankings for the XGBoost model
are displayed in Fig. 12, emphasizing how each feature is weighted by gradient-boosted trees. The aggregated
importance from the voting ensemble is finally shown in Fig. 13, which shows which features regularly affect
the combined prediction. When combined, these graphs provide a clear understanding of the elements that
each model deems most important for precise brain tumor identification.
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Figure 10: Results of LIME XAI for VOOTING. (A) Results of LIME XAI for VOOTING (Sample 1); (B) Results of
LIME XAI for VOOTING (Sample 2); (C) Results of LIME XAI for VOOTING (Sample 3)
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Figure 11: Top 10 feature importance ranking for the ANN model
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Figure 13: Top 10 feature importance ranking for the voting ensemble model

By emphasizing the most crucial characteristics, including texture metrics like GLCM contrast and
HOG gradients, Fig. 8 illustrates how LIME explains the ANN’s conclusions. The network’s prediction can be
reversed by slight modifications to these characteristics, indicating that the ANN depends on minute texture
patterns in the MRI scans.

In addition to pointing to the same texture characteristics, Fig. 9 applies LIME to XGBoost and includes
a few Tamura measures selected by our IGWO step. When less significant features change, XGBoost’s
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explanations are a little more stable than those of the ANN, giving the impression that its conclusions are
more reliable.

The LIME findings for the voting ensemble are shown in Fig. 10. Here, no single feature predominates
because the contributions from the ANN and XGBoost are combined. Because of this balance, the ensemble
is more dependable overall and less susceptible to any one feature.

Lastly, the top 10 features for each model are listed in Figs. 11-13. Texture features are at the top, according
to all three. We can be sure that our strategy is focusing on the correct information when we see the same
important traits across models. We and doctors can better grasp why each model makes the calls it does
because of LIME’s concise, example-based explanations.

4.7 Ablation Study

To evaluate the contribution of each component in the proposed model, we performed an ablation study
by incrementally testing the system with and without key modules. The aim was to understand the impact
of the selected feature subsets, the Improved Gray Wolf Optimization (IGWO), and the ensemble voting
classifier on overall performance.

i.  Effect of Individual Feature Subsets: We trained the detection model using each feature subset
independently—GLCM, HOG, LBP, and TF—and recorded their respective classification accuracies.
Among the individual subsets, TF and GLCM achieved higher accuracy, indicating that texture and
transform-based features carry strong discriminative power.

ii. Effect of Feature Fusion without IGWO: Next, all features were fused and used directly without
applying IGWO. While this improved performance compared to individual subsets, it also introduced
redundant information, leading to slightly lower precision and longer computation time.

iii. Effect of IGWO-Based Feature Selection: Applying IGWO on the fused features resulted in a
significant performance boost, demonstrating its effectiveness in selecting the most relevant features
and eliminating noise.

iv.  Effect of Ensemble Voting vs. Individual Classifiers: We compared the ensemble weighted voting
strategy with individual classifiers (KNN, RE NB, XGBoost). The ensemble consistently outper-
formed individual models in terms of accuracy, sensitivity, and specificity, confirming the benefit of
model fusion.

The effectiveness of each component in the proposed system was evaluated through an ablation
study, as summarized in Table 4, which illustrates the performance metrics under different feature and
model configurations.

Table 4: Ablation study results showing the impact of different feature subsets

Configuration Accuracy (%) Precision (%) Recall (%)
GLCM Only 872 85.1 84.6
HOG only 85.4 83.2 82.9
LBP only 83.9 82.5 80.7
TF only 89.1 87.4 86.2
All Features (No IGWO) 91.3 89.7 88.5
All Features + IGWO 94.6 92.8 93.1

IGWO + Voting (Proposed) 96.8 95.2 94.9
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This ablation study validates the effectiveness of the IGWO-based feature selection and the ensemble
decision-making framework in enhancing brain tumor detection performance.

5 Conclusions and Future Work

This study introduced an advanced brain tumor detection framework that integrates Improved Grey
Wolf Optimization (IGWO) for feature selection and a hybrid classification model combining XGBoost and
ANN. The proposed approach effectively addresses challenges associated with high-dimensional medical
data by optimizing feature selection and leveraging the strengths of multiple classifiers. Experimental results
demonstrated that the IGWO Selector significantly enhances classification performance by selecting the most
relevant features, thereby reducing computational complexity while maintaining high predictive accuracy.
The hybrid XGBoost-ANN ensemble, utilizing weighted voting, achieved an impressive 98.5% accuracy;,
outperforming conventional machine learning models such as Random Forest, K-Nearest Neighbors, and
Naive Bayes. Additionally, the proposed model exhibited superior precision (97.8%), recall (98.3%), and
Fl-score (98.0%), highlighting its reliability for real-world medical applications.

These findings emphasize the importance of intelligent feature selection and hybrid modeling in
medical diagnosis, particularly for brain tumor detection. Future research can focus on enhancing model
interpretability using XAI techniques, integrating multi-modal medical imaging data, and exploring real-
time deployment in clinical settings to further improve early detection and patient outcomes. This study
contributes to the ongoing advancement of AI-driven medical diagnosis by demonstrating a robust, efficient,
and highly accurate methodology for brain tumor classification.

Future Enhancements: In future work, we aim to enhance the system in several directions. First, we
plan to expand the dataset by incorporating more diverse samples and integrating multi-modal medical
data (e.g., clinical reports and genetic profiles) to improve model generalizability and clinical relevance.
Second, we will explore deep learning-based approaches, such as CNNs and hybrid DL-ML models, to
further improve detection accuracy. Additionally, we intend to integrate real-time deployment capabilities
and investigate the use of federated learning for privacy-preserving model training in clinical settings. Finally,
further interpretability improvements will be pursued by integrating SHAP (SHapley Additive ExPlanations)
alongside LIME for more comprehensive explainable Al outputs.
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