JOURNAL OF COMMUNICATIONS SOFTWARE AND SYSTEMS, VOL. 22, NO. 4, DECEMBER 2026

689

Enhancing Glioma Grading with Texture Features
and SIHO-Enhanced Gradient Boosting

Thota Deepa, and Ch. D V Subba Rao

Abstract—Accurate grading of gliomas is critical for predicting
tumor behavior and informing treatment decisions. However,
traditional approaches may poorly characterize tumor hetero-
geneity and generally lack interpretability. In this study, we
proposed an automated glioma grading framework combining
de noising, hybrid segmentation, radiomic feature extraction, and
LightGBM classification optimized using the Spuggy Interactive
Hyperparameter Optimization (SIHO) algorithm. The novelty
of SIHO is its interactive hyperparameter search mechanism,
which balances exploration and exploitation to select compact
and effective LightGBM hyperparameters for improved glioma
grading. We built our framework on the BraTS 2019 dataset
which contains a total of 335 patient cases with 259 cases of high
grade glioma (HGG) and 76 cases of low-grade glioma (LGG)
with T1, T1ce, T2 and FLAIR MRI modalities, as well as ground-
truth masks. To improve validation rigor, both an 80:20 train-
test split and k-fold cross-validation were used. Class imbalance
is handled by stratified sampling and performance was assessed
using accuracy, sensitivity, and specificity instead of accuracy
alone. In the 80:20 evaluation, the proposed SIHO-LightGBM
model achieved 96.59% accuracy, 94.73% sensitivity, and 96.98 %
specificity. The experimental results reveal the potential of our
proposed framework for automated glioma grading.

Index Terms—Glioma grading, Hybrid Feature Extraction,
Light Gradient Boosting Machine, Spuggy Interactive Hyper-
parameter Optimization, Tumor Segmentation.

I. INTRODUCTION

HE human brain is the central command center and a vital

component of the nervous system, which plays a pivotal
role in facilitating our daily activities. The brain receives
sensory signals from the organs, processes these stimuli, and
orchestrates decisions, ultimately transmitting instructions to
the muscles. However, brain tumors are considered a critical
challenge to this complex system. These tumors involve the
uncontrolled growth of abnormal brain cells [1]. Among
these brain tumors, gliomas are of particular concern. They
are malignancies that originate from glial cells and exhibit
significant h eterogeneity [ 2], [ 3]. F urthermore, g liomas dis-
play varying levels of proliferation, posing diagnostic and
therapeutic challenges [4]. The World Health Organization
(WHO) has classified gliomas into four distinct grades: Grade
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I, Grade II, Grade III, and Grade IV, which are categorized
into low-grade (LGG) and high-grade gliomas (HGG) based
on the malignancy and aggressive structure [5], [6]. Significant
advancements in genetic profiling have led to alterations in
the glioma grading and classification [7]. The classification of
tumors of the central nervous system marks a departure from
traditional diagnostic methods based solely on histological
criteria, now incorporating molecular biomarkers [8]. In adults,
more than 75% of diffuse gliomas are astrocytic, while 10%
are oligodendroglial tumors [9].

Grading diffuse gliomas involves assessing histologic fea-
tures such as mitotic activity [10], microvascular proliferation,
and necrosis, but this task is challenging due to the tumor cell
diversity, leading to significant inter observer variation [11].
Achieving progress in glioma treatment remains a challenge,
and accurately grading tumor areas is crucial, especially in
cases where classical surgery is risky. In such instances, safer
stereotaxic biopsies and histopathological examinations are
performed to determine tumor grade, enabling more informed
treatment decisions [12]. Various imaging techniques have
been used for glioma grading [13], [14]. Magnetic Resonance
Imaging (MRI) is the desired choice for estimating intracra-
nial tumors, and it plays a vital role in distinguishing LGG
from HGG [15], [16]. However, glioma characterization using
imaging is challenging because they often exhibit a mixture
of LGG and HGG characteristics. Histopathological exami-
nations, performed following surgical excision or stereotactic
biopsy—often guided by MRI—continue to be the definitive
method for diagnosing gliomas [17]. Machine learning (ML)
techniques and deep learning models, based on MRI, have
demonstrated potential in the grading of gliomas [18].

For fully automated glioma grading, it is essential to auto-
mate the selection of MRI images independently of physician
supervision. This process necessitates tumor segmentation
and detection preceding the grading of MRI images [31].
Furthermore, using CNNs to diagnose tumors via Whole
Slide Images (WSIs) presents unique challenges due to the
exceptionally high resolution, making the use of original
CNNs computationally unfeasible [32]. A recent field of study,
radiomics, focuses on the noninvasive decoding of tumor
characteristics. Radiomics involves the extraction of extensive
features to quantify tumor attributes, including scale, shape,
position, intensity, and texture [2].

However, traditional radiomics methods have limitations as
they extract only a restricted amount of information [21].
Various mathematical methods, ranging from simple ones
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like linear regression and logistic regression to more intricate
approaches were employed to grade gliomas [22]. While the
more complex models offer greater flexibility, they also come
with higher computational costs [23]. In practice, the effective-
ness of the model is typically assessed through validation. For
classification models, this validation process usually involves
creating the model using training samples and then confirming
its results using testing samples. However, due to the limited
sample sizes often found in available databases, it can be
challenging to perform thorough validation [24], [25], [26].

The study aims to grade the gliomas effectively using the
SIHO-enabled LightGBM model. The major contributions of
this study are summarized as follows:

o This study proposes a SIHO-enabled LightGBM frame-
work for automated glioma grading through the integra-
tion of tumor segmentation, radiomic feature extraction,
feature normalization, and classification.

o The proposed SIHO algorithm implements adaptive hy-
perparameter tuning for LightGBM by balancing explo-
ration and exploitation through the search progression.

o A lightweight hybrid segmentation approach by com-
bining adaptive thresholding with region growing, is
used to outline tumor regions of interest and extract
texture, intensity, wavelet, shape, border irregularity, and
asymmetry-based radiomic features.

o The proposed framework is assessed on the BraTS 2019
dataset using an 80:20 train-test split and k-fold cross-
validation. Considering the class imbalance among 259
HGG and 76 LGG cases, performance is evaluated with
accuracy, sensitivity, specificity, and F1-score.

The article is organized as follows, Section II describes the
literature on Glioma grading with its limitations, and Section
IIT investigates the proposed SIHO-enabled LightGBM model.
Section IV details the research results and performance anal-
ysis and the conclusions are presented in Section V.

II. LITERATURE REVIEW

This section explores advancements in glioma grading sys-
tems, assessing current methodologies, challenges, and emerg-
ing technologies for improved diagnostic accuracy and patient
care.

Saima Rathore et.al [27] designed an SVM technique for
glioma grading, by integrating multiple data sources, including
clinical measures, conventional imaging, and advanced texture
features, the research provides a more comprehensive and
accurate prediction of glioma grades. However, the level of
detail of the input image has a considerable impact on the
model’s accuracy. Noisy or improperly acquired MRI scans
can lead to incorrect predictions. Asaf Raza et.al [28] initiated
a DeepTumorNet, the model can scale to accommodate large
and diverse datasets, which is crucial while dealing with
medical data that may come from various sources and have
variations in image quality. While the technique demonstrated
high accuracy on a specific dataset, its generalizability to
different populations, medical facilities, and imaging protocols
needs to be further validated.

Sanghyuk et.al [29] utilized a Resnet50 V2 model for brain
tumor grading, the model can automate the classification of
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Glioma subtypes and grading, reducing the need for manual
evaluation by pathologists. This can save time and resources.
Mohamed A.Naser et.al [19] used a CNN model for the detec-
tion, and grading of Glioma on MRI images to avoid the need
for invasive procedures, reducing patient discomfort and risks.
However, Noise, Artifacts, and variations in MRI scans can
affect the segmentation and grading accuracy. Weiwei Wang
et.al [20] implemented a CNN approach that can significantly
minimize the time and effort essential for diagnosing and
classifying gliomas, which is beneficial in clinical settings.
Bing Niu et.al [30] utilized a Naive Bayes algorithm that
handles multi-class categorization of brain tumors, which is
more challenging but more clinically relevant than binary clas-
sification. However, the research mentions that the algorithms
take a long time to process due to the extra optimization
steps. This could limit its practicality in time-sensitive clinical
scenarios. Building on the gaps identified in existing glioma
grading approaches, the following section details the proposed
SIHO-LightGBM framework for glioma grading.

III. STHO-ENABLED LIGHTGBM FOR GLIOMA GRADING

Early diagnosis and grading of brain tumors is crucial for
improving survival rates and lowering long-term dependencies.
Nevertheless, the challenges of conventional research include
a lack of diversity in datasets, restricted data availability, and
potential inability to capture pertinent aspects. Furthermore,
obstacles to growth in this area include interpretability con-
cerns and the requirement for extensive validation studies.
Therefore, these constraints must be addressed to develop
more efficient brain tumor detection techniques. In this study,
a LightGBM model is proposed for glioma grading. Initially,
brain MRI scans were acquired from the BraTS 2019 database
[33]. These images underwent preprocessed with Fast Non-
Local Means (FNLM) denoising, followed by segmentation
using a combination of adaptive thresholding and region
growing algorithms. From the segmented images, a range of
features are extracted, encompassing intensity-based features,
texture-based features, hybrid shape-based features, wavelet
transform-based features, asymmetry index, and measure of
border irregularity. The extracted features are normalized
because they may have different numerical ranges and scales.
In this stage, all the extracted features are scaled to a common
range before they are passed to the classifier. This ensures that
no single feature dominates the learning process due to its
larger magnitude. To grade gliomas effectively, a LightGBM
classifier is employed. LightGBM hyperparameters such as
numberof leaves, learning rate, maximum depth, minimum
number of children and lambda_l1 are fine-tuned using the
proposed SIHO algorithm, which is inspired by the commu-
nication behavior of Spuggy, a European sparrow. The block
diagram of the SIHO-enabled LightGBM model is depicted in
Figure 1.

A. Dataset

The experiments in this study were conducted using the
BraTS 2019 dataset, a widely accessible benchmark for brain
tumor analysis released through the MICCAI BraTS challenge
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[33]. The training set includes 335 glioma cases, compris-
ing 259 HGG and 76 LGG cases collected from multiple
institutions. This corresponds to a class imbalance ratio of
approximately 3.4:1 (HGG:LGG). Therefore, the imbalance
was considered during data partitioning and evaluation using
stratified sampling and by reporting sensitivity, specificity,
and Fl-score in addition to accuracy. Each case contains
four co-registered 3D MRI modalities (T1, Tlce, T2, and
FLAIR) in NIfTT (.nii.gz) format with corresponding ground-
truth annotations. Since the dataset is multi-institutional and
multi-modal, it provides heterogeneous imaging data suitable
for evaluating automated glioma grading methods. To reduce
the effect of such variability, all scans were processed using
a uniform preprocessing pipeline, including co-registration,
resampling to 1 mm3 isotropic resolution, skull stripping,
intensity normalization, and FNLM-based denoising before
segmentation and feature extraction. Although there are more
recent BraTS versions, BraTS 2019 was selected as it provides
explicit HGG/LGG ground-truth labels required for binary
grade classification — labels removed in BraTS 2021 onward
— and remains the most widely used benchmark for direct
comparison with existing glioma grading literature

B. Preprocessing using Fast NLM Denoising

Fast Non-Local Means (NLM) denoising technique is uti-
lized to remove noise from the MRI images. The Fast Non-
Local Means (NLM) denoising technique enhances image
quality by averaging pixel values from analogous regions
within the image. This method employs a weighted sum of
regions, with the weights determined by the degree of similar-
ity between the patches. Let the noisy image be represented
as I and r is the filter parameter [34].

The NLM filter working is represented with the following
equation

NLM(I)(r) = > w(r,s) I(r) (1)

seB;

where w(r, s) is based on the pixel similarity of » and s, and
ranges between 0 and 1. The similarity of pixels relies on
the grayscale intensity vectors I(M,.) and I(My), where My
represents the square of the neighborhood pixels with fixed
size centered on the pixel k. This similarity can be calculated
as a decreasing function of the weighted Euclidean distance
| I(M,.) — I(My)||4 ;, where d is the standard deviation. A
pixel’s weight increases with similarity in gray level and
decreases with differences in gray level.

L <||I<Mr) - I<M5>||§,d) o

w(r,s) = N I

The normalization constant is denoted as N(r). By rapidly
locating and averaging patches with similar intensity and tex-
ture characteristics, the FNLM technique preserves significant
structural information while effectively minimizing noise in
the image [35]. The preprocessed image is represented as B;'.
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Fig. 1. Workflow of the proposed SIHO-enabled LightGBM approach for
glioma grading, from image preprocessing to LGG/HGG classification.

C. Segmentation using Adaptive Thresholding and Region
Growing

The integration of adaptive thresholding and region growing
algorithms for glioma segmentation represents a multi-step
approach in medical image analysis, designed to enhance the
robustness and accuracy of models. In glioma grading systems,
adaptive thresholding can be used to separate tumor regions
from healthy regions [36]. Using a local threshold value for
each pixel in an image based on the features of its neighbor-
hood is the primary concept underlying adaptive thresholding,
which enables improved segmentation in situations where the
image intensity varies across regions.

A local neighborhood or window surrounds each pixel in
the image. Depending on the application and the expected
size of the items to be split, this window may have different
dimensions. One possible use of the adaptive region growing
algorithm is the fully automatic segmentation of medical
images. Pixels that have the shortest gradient length and are
not yet a component of a segmented image region are chosen
as seed points in this case. The fluctuation of the gray values
inside regions is thought to be smaller than the variation
between regions. A size- and shape-dependent probability Pj
and a homogeneity-dependent probability P;, determine the
region probability.

By = PFs5 - Py 3)
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The region probability can be calculated for the tumor
region based on its size, where Pjs is defined as

5*2, if 02 <1,
Ps=4q 01 o1 “)
1,  otherwise.

After the opening process, small, thin, or highly convoluted
sections are substantially smaller than large, compact regions,
which change their size by just a modest amount. These
regions receive values close to a probability of roughly 1.0.
The difference histogram serves as the basis for calculating
the probability (F,) of the region homogeneity.

1
Ph:ZHz’?

where x and y are the number of columns and rows in the im-
age, and fq;rs is the frequency with which the corresponding
differences in the two images occur.

The hybrid segmentation module was used as a lightweight
preprocessing step to localize tumor regions before radiomic
feature extraction. Although adaptive thresholding and region
growing are simpler than recent deep learning-based segmen-
tation models, they offer low computational complexity, easier
implementation, and better interpretability. In this study, seg-
mentation is not treated as the primary contribution; instead,
it supports the extraction of radiomic features such as texture,
intensity, shape, border irregularity, wavelet, and asymmetry-
based descriptors. Therefore, the proposed segmentation step
is designed to provide consistent tumor-region localization for
feature extraction rather than to compete with state-of-the-art
segmentation networks.

Jaigy
2.x.y

®)

D. Feature Extraction

Several characteristics are derived from the segmented
images in this research, including texture features, gradient-
based features, intensity-based features, histogram-features,
and hybrid shape-based features [48].

1) Intensity-based Features : The statistical and structural
aspects of the pixel intensities in an image are described using
the intensity-based features. These features capture the distri-
bution of pixel intensities within the tumor region, providing
quantitative descriptors such as mean, variance, skewness, and
kurtosis of the intensity values.

2) Texture Features: Texture features are used to capture
local spatial variations in intensity within the tumor region,
which are highly relevant for representing intratumoral hetero-
geneity. Local Ternary Pattern (LTP) is used to reduce noise-
related issues with LBP which is a three-valued ternary code.
LTP encodes the local ternary patterns of pixel intensity values
in an image. The following formula can be used to determine
the LTP features [37].

Z—1 1, bi > Th,
LTPQ7R = Z 2% a(iz_ie>7 a(bz) = 0, —Th < b7 < Th,
#=0 -1, b <-Th.

(6)
Equation (6) states that the neighborhood values will be
assigned one of the three values, +1, 0, or -1, based on this
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comparison. Where R is the circle’s radius, Q is the number
of neighborhood pixels, ¢, and 7. represents the Grey values
of the center and neighboring pixels, respectively.

3) Hybrid Shape-based Features: Shape-based features de-
scribe the morphology of the segmented tumor by capturing its
geometry and boundary structure. Derived from Canny-based
edge and contour analysis, these features help distinguish
smoother, more regular low-grade tumors from more irregular
and infiltrative high-grade tumors [38].

4) Wavelet Transform-based Features: Wavelet transforms
decompose an image into different scales and orientations
by using a wavelet basis function [39]. The transformation
process results in a set of wavelet coefficients that represent
image details at various levels of resolution. Utilizing these
coefficients features that capture edges, texture, and other
aspects of a picture can be extracted.

Let the image sub-band be W, and jk denote the specific
sub-band. The final feature vector will be calculate as

F(Y) = / W (e, )| der dy,

5) Asymmetry index (AI): The asymmetry index (AI) mea-
sures the extent to which the segmented tumor departs from
bilateral or axial symmetry. It is computed by comparing non-
overlapping regions obtained after dividing the tumor around
its principal axes. The asymmetric index for glioma grading
quantifies irregularities in shape or intensity distribution, aid-
ing in tumor detection [40]. The AI can be calculated as

A+ A
T 24p

where A; is the area of the non-overlapped region along
the tumors minor axis, Ao represents an area of the non-
overlapped region along the tumors primary axis, Apr is the
tumor area Execution. By utilizing the segmented region, the
area of the tumor (Ag) can be computed. The lines that cut
across the segment’s centroid divide the segmented area. After
creating two distinct regions, one of the areas is flipped to
cause the other two to overlap.

6) Border irregularity: Border irregularity features measure
the lack smoothness and complexity of the tumoral border.
This property is clinically relevant in the context of glioma
MRI, given that high-grade lesions frequently infiltrate and
have ill-defined or highly irregular margins compared to
otherwise well-circumscribed tumors [41]. Thus, edge-based
features help to capture the extent of abruptness or irregularity
in tumor shape along its boundary.

We stack all the feature groups into one single feature vector
(after extraction) and normalize it before applying to the STHO
enabled LightGBM classifier. Thus the classifier gets a fused
representation that integrates complimentary information of
tumor density, intra-tumor texture, multi-scale structure, global
shape, asymmetry, and edge detail.

Y =1,23,... (1)

Ar ®)

E. LightGBM Classifier

In this study, the LightGBM classifier used to grade gliomas,
which can handle large datasets efficiently, is based on deci-
sion tree methods. Performance and scalability optimization
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are the main goals of the development process [42]. The major-
ity of other implementations build trees by adding sequential
levels. On the other hand, trees grow their leaves from the
bottom up in LightGBM. Moreover, LightGBM uses sorted
feature values to determine the optimal split point instead of
the popular sorted-based decision tree learning algorithm. Re-
lying on this, LightGBM makes use of an extremely efficient
decision tree learning technique based on histograms, which
gains substantial advantages in terms of efficiency and memory
utilization. As a result, the algorithm runs faster without
reducing its high level of accuracy. LightGBM is a high-
performance gradient-boosting method that operates quickly
and is distributed. Because it uses less memory than other
algorithms and trains quickly and effectively. The Exclusive
Feature Bundling algorithm is used by LightGBM to manage
dataset sparsity. It reduces the number of features while
maintaining the most by combining mutually incompatible
features in a virtually lossless manner that is instructive.

The LightGBM constructs tree structures iteratively, in each
iteration the gradients of the loss function are calculated, and
the leaf-wise tree growth strategy selects the leaf with max-
imum loss. The regularization techniques incorporated in the
proposed model minimize the overfitting issues and enhance
the generalization ability of the model. Using the previously
unseen data, the model’s performance will be assessed after
training. The hyperparameters of the LightGBM are tuned
using the SIHO algorithm.

F. SIHO Algorithm

1) Motivation: The motivation behind developing an STHO
algorithm for glioma grading lies in harnessing the imparting
behavior of spuggy [43] and the collaborative hunting traits of
coati [44]. Spuggy exhibits dynamic energy accumulation and
threat avoidance, while coatis demonstrate intelligent group
hunting. This integration in optimization algorithm exhibits
improved performance, potentially revolutionizing diagnostic
processes in the medical field.

The producers contain a significant amount of energy to
provide food directions to other scavengers, which are ac-
countable for identifying food sources. The energy level of
the individual is based on the fitness value. When the producer
finds any threats it creates a chirp sound as a warning signal.
If the warning signal is greater than the safety level the
scavengers move to the safe position. Every individual in the
group has the potential to become a producer but the individual
with a higher energy level would act as the producer. Some
famished foragers are inclined to go to the skies in search
of sustenance, as a means of obtaining additional vitality.
Scavengers follow the producer who can provide the best
food. To increase their rate of predation, certain scavengers
may compete for food while keeping a careful watch on the
producers. The sparrows in the group’s center move randomly
to remain near one other when a threat is detected, whereas
the sparrows on the group’s edge quickly move toward the
safe location to take up a better position. The suggested
SIHO technique was mostly inspired by the simulation of
these coatis’ natural actions [44]. Overall, the STHO algorithm
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leverages the synergy of Spuggy efficient food searching
and Coatis’ intelligent behaviors to optimize the detection of
brain tumors in medical images. By combining these natural
behaviors into a computational framework seeks to improve
tumor grading precision and effectiveness, providing crucial
assistance in the grading of gliomas. The algorithm is a meta-
heuristic approach for global optimization, which iteratively
updates candidate solutions (Z) based on two main phases:
Observation and Attack, or Observation and Escape. The
process of Spuggy Interactive hyperparameter Optimization is
shown in Algorithm 1. For better presentation and process flow
the process is represented in a flowchart presented in Figure
2.

2) Mathematical Formulation: Initialization: The solution’s
position in the random population is mathematically termed as

Z'=1+qu—1)— qu )

where ¢ and ¢; are the random factors ¢ € (0, 1), the random
factor ¢; is described as

—t

Q1= %etmax € (0,1) (10)
Observation and attack phase (K (t) < FE): If the prey
escape factor K(t) € (0,1) is less than the threshold value
E € (0.5,1), the environment is considered free of threats
and the searcher continues to forage for food in the search
space. In this situation, the agents remain in exploration mode
and update their positions according to the observation and
attack behavior of the Spuggy, which can be mathematically
expressed as

—t t—
Zt+1 _ Zt.GXp ( ) _azeﬁ (11)
@1lmax

where « is described as past deterministic factor s € (0,1),
the hunting tactics are mathematically described as follows

72 =72+ ¢(2, - 12") (12)

where Z, represents the global best solution, the fitness

probability factor ¢ € (0,1) can be calculated as

_ |Fit(Z,) — Fit(Z))]
“ T \Fit(Z,) + Fit(2,)]

(13)
The final equation for the observation and attack phase is
derived as
t ) t—1
— A9€tmax

altmax

+ 7'+ e(Z,-12Y)] (4

Zl =05 [Zt. exp (—

The above equation describes that the searchers try to obtain
better solutions by the abilities of communication skills and
grouping behavior.

Observation and escape phase (K (t) > FE): In this phase, the
threat is near the search space the searcher needs to escape
from the danger without losing its energy, which is classified
into two cases such as safe and unsafe mode.

Subcase (i): Safe Mode (f; = f,) & Fit(Z') = Fit(Z,)
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This condition shows that the solution inside the pack is aware
of the danger, and the position of the searcher is obtained as

Zt

worst

Fit(Zt) — Fityorst +€

where ¢ is a constant. The distance vector is calculated using
the Euclidean distance measure that is expressed as

R= \/(Ug - U1)2 + (’U2 — U1)2

where (u1, v1) represents the position of worst solutions and
(ug, v2) denotes the position of the current solution.

Subcase (ii): Unsafe Mode (f; # f,) & Fit(Z") # Fit(Z,)
The condition shows that the current position of the solution
has to be changed because it is at the population’s edge and
prone to predator attack. To solve this issue, the solution’s
location is updated using the equation that follows,

Zt+1 = Zg + B|Zt - Zbest‘

ZHt =7+ R (15)

(16)

A7)

where Z, and Zj.s represents the global best parameters, 3
is the step size parameter with mean O and variance 1. The
solution update equation derived from Coatis is described as
follows

Zt+1 — Zt + (1 _ 20) (lblocal + C(,ublocal _ lblocal)) (18)

where the upper and lower boundaries are described as /5™ =

ub . .
7 and ub®®t = 5 the final equation for the solution update
is expressed as

ZH1 = 0.5 [Zg 4 B|Zt — Zpes]

+ VA + (1 _ 26) (lblocal + c(ublocal _ lblocal)):|
(19)

The equation describes the solution update of searchers to
escape from the dangers to make a safe position.

IV. RESULTS AND DISCUSSION

This section examines the SIHO-enabled LightGBM
model’s effectiveness for grading gliomas, evaluating its ac-
curacy and comparing it with other machine learning methods
to assess performance.

A. Experimental Setup

Experiments were conducted on the BraTS 2019 dataset
(335 cases: 259 HGG, 76 LGG). All data partitioning was
performed at the patient level to prevent data leakage. For
the primary evaluation, an 80:20 stratified holdout split was
applied, yielding 268 training cases (=213 HGG, ~55 LGG)
and 67 test cases (=46 HGG, ~21 LGG), preserving the orig-
inal 3.4:1 class ratio in both subsets. To assess generalization
beyond a single split, stratified k-fold cross-validation was
performed across k = 6,7,8,9, and 10. In each configuration,
the dataset was partitioned into & mutually exclusive patient-
level folds; k—1 folds were used for training and the remaining
fold for evaluation, repeated until every fold served as the test
fold. Performance was averaged across all folds. In both evalu-
ation protocols, STHO-based hyperparameter optimization was
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applied exclusively to the training partition of each split. The
class imbalance between HGG and LGG cases was addressed
by setting the LightGBM scale_pos_weight parameter to 3.4,
corresponding to the inverse class frequency ratio, thereby
assigning greater misclassification cost to the minority LGG
class. Model performance is assessed using accuracy, sensitiv-
ity, specificity, and Fl-score, as these metrics jointly provide
a more balanced evaluation under class imbalance and are less
susceptible to inflation caused by majority-class dominance.

Algorithm 1 Spuggy Interactive Hyper parameter Optimiza-
tion

1: Initialize iteration count ¢t <— 0

2: Generate initial population {Z9} | uniformly at random within

3: Evaluate fitness F'it(Z?) for all ¢ by training LightGBM with Z? and

computing the validation metric

4: Set global best Zg and worst Zy,ors¢ solutions according to F'it(-)

5: while ¢t < tyq do

6: for each agent i =1,..., N do
7:

8

9

draw a random number K ~ U(0, 1)
if K(t) < E then > Observation and attack phase
: Update the position of agent ¢ using the observation-attack rule
as in Eq. (14).

10: else > Observation and escape phase

11: if Fit(Zt) = Fit(Z4) then > Safe mode

12: Update the position using the safe-mode rule as in Eq.
(15).

13: else > Unsafe mode

14: Update the position using the unsafe-mode rule as in Eq.
(19).

15: end if

16: end if

17: Project ZZHI back onto € if any component violates its bounds.

18: end for

19: Evaluate fitness F' it(ZiH'l) for all agents using the updated hyper-
parameters.

20: Update Z,4 (global best) and Zy,0r-s¢ based on the new fitness values.

21:  Sett<+t+1land K(t)=1—

22: end while

23: return the global best solution Z, as the optimized LightGBM hyperpa-
rameter configuration.

tmax

B. Performance Mtrics

The following performance measures are used to assess the
SIHO-enabled LightGBM model’s performance.

1) Accuracy: Accuracy measures the ratio of correctly

classified gliomas into their respective grades with the total
predictions.

GLip + GLin
GLip + GLin + GLgp + GLyy,

accuracy = (20)

2) Sensitivity: The measure of an SIHO-enabled Light-
GBM model to correctly identify true gliomas among all
positive cases

GLy,

SensitiVity = m
tp fn

2D

3) Specificity: The measure of SIHO-enabled LightGBM
model to correctly identify non gliomas among all negative
cases, which can be calculated as

GLy,

SpeCIﬁCIty = m
n p

(22)
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Variable Legend

t = Current iteration number

thax = Maximum iterations

max
K(t) = Prey escape factor
E = Exploration threshold
Zy= Global best solution

Fit(-) = Fitness function

- > RN -Yes*’[ Declare global best solution ’
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I\io End
Is safety condition N
Yes satisfied? O}
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Is current fitness
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Observation + attack phase . Fit(Z;) = Fit(Z,)
Observation and attack update Yes ! - No
[Eq. (14)] v v
Safe mode Unsafe mode
Safe mode update [Eq. (15)] Unsafe mode update [Eq. (19)]
» Update candidate solutions and <
global best Z
L Update: t=t+ 1

Fig. 2. Flowchart of the proposed SIHO algorithm for LightGBM Hyperparameter optimization

4) Fl-score: The F1 score measures the harmonic mean of
precision and recall, which can be calculated as

- 2 x precision X recall

23
precision + recall 23)

C. Performance Analysis

1) Performance Analysis with Training percentage (TP):
Figure 3 presents the performance analysis of the SIHO-
enabled LightGBM model across various training percentages,
specifically 40, 50, 60, 70, and 80. The accuracy of the
proposed model, evaluated using TP 80 for epoch values of
20, 40, 60, 80, and 100, is 91.15%, 92.39%, 93.90%, 96.59%,

and 95.51%, respectively. Similarly, the model achieves sen-
sitivities of 91.10%, 92.17%, 92.71%, 94.73%, and 94.79%
for the corresponding epochs. The specificity attained by the
SIHO-LightGBM model for epoch values of 20, 40, 60, 80,
and 100 is 91.20%, 92.88%, 96.11%, 96.98%, and 96.28%,
respectively. For epochs 20, 40, 60, 80, and 100, the pro-
posed model achieves F1-scores of 89.45%, 89.94%, 93.78%,
95.22%, and 94.24% respectively.

2) Performance Analysis with K-fold: The performance
of the proposed SIHO-enabled LightGBM model under k-
fold cross-validation is presented in Figure 4, where k was
varied as 6, 7, 8, 9, and 10. The model was evaluated
using training epochs of 20, 40, 60, 80, and 100, and the
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Fig. 3. Internal performance analysis of the proposed SIHO-enabled LightGBM model under different training percentages and epoch values.

reported results represent the average values obtained across
all folds for each experimental setting. The average accuracy
increased from 91.73% to 96.33% as the number of epochs
increased. Similarly, the sensitivity improved from 87.73%
to 93.97%, while the specificity increased from 92.28% to
96.98%. The corresponding Fl-score also improved from
89.60% to 95.16%. These results indicate that the proposed
model maintained stable and strong performance across differ-
ent fold settings, demonstrating its robustness and reliability
under cross-validation.

D. Comparative Methods

The performance of the proposed glioma grading model is
compared with the conventional techniques such as KNN [45],
VGG19 [47], CNN [36], Deep-CNN [32], LightGBM [42],
SSA based LightGBM, and COA based LightGBM.

1) Comparative Analysis with TP: The comparative evalua-
tion of the SIHO enabled LightGBM with the traditional meth-
ods such as KNN, VGG19, CNN, Deep-CNN, LightGBM,
SSA based LightGBM, and COA based LightGBM with TP 80

is shown in Figure 5 (a). The SIHO enabled LightGBM model
attains accuracy of 96.59%, which shows improvement over
the classical KNN by 16.30%, VGG19 by 11.85% CNN by
15.14%, Deep-CNN by 10.21%, LightGBM by 8.03%, SSA
based LightGBM by 6.02%, and COA based LightGBM by
6.59%.

2) Comparative Analysis with K-fold: Figure 5 (b) com-
pares the SIHO-enabled LightGBM with the traditional meth-
ods, including KNN, VGG 19, CNN, Deep-CNN, LightGBM,
SSA-based LightGBM, and COA-based LightGBM with k-
fold 10. The accuracy of the SIHO-enabled LightGBM model
is 96.33%, indicating improvement over the classical KNN by
16.63%, VGG 19 by 10.72% CNN by 15.23%, Deep-CNN
by 7.56%, LightGBM by 8.92%, SSA based LightGBM by
8.72%, and COA based LightGBM by 5.17%.

3) AUC-ROC Analysis: The AUC-ROC analysis of the
SIHO-enabled LightGBM model is depicted in Figure 6.
The ROC curve compares the discriminative performance of
all models, showing that each model outperformed random
guessing (diagonal line). The SIHO-enabled LightGBM curve
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Fig. 4. Internal performance analysis of the proposed SIHO-enabled LightGBM model under different k-fold settings and epoch values.
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dominated the others, indicating the highest AUC-ROC and
thus the best overall glioma grading performance.

The consistent upward trend observed in Figs. 3-5 is mainly
due to increased training data, repeated SIHO-based hyperpa-
rameter optimization, and normalized radiomic features. As
the training percentage increases, the classifier learns more
representative HGG and LGG feature patterns, reducing false
positives and false negatives. Similarly, higher epoch values
provide more opportunities for SIHO to refine LightGBM
hyperparameters. Since accuracy, sensitivity, specificity, and
Fl-score are derived from the same prediction outcomes,
improvement in class-level predictions can produce similar
trends across all metrics. However, these results represent
internal validation trends, and external validation is required
to confirm their consistency on independent datasets.
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Fig. 6. AUC-ROC analysis for STHO-enabled LightGBM model

E. Impact of SIHO-Based Hyperparameter Optimization

To clarify the contribution of the proposed SIHO-based
hyperparameter optimization, a direct comparison was made
between the performances of standard LightGBM and custom-
defined SIHO-enabled LightGBM model. This provides the
clearest assessment of the effect of incorporating SIHO into
the LightGBM framework. The main results shown in Table
1 are kept to help provide a comparative signal, but not
treated as a controlled ablation. The results indicate that our
proposed LightGBM model with SIHO, outperformed the
standard LightGBM under both evaluation settings. For the
80:20 train-test split, it increased from 88.56% to 96.59%, and
under 10-Fold Cross Validation it increased from 87.41% to
96.33%. Sensitvity, specificity and F1-score exhibited similar
improvements. This result shows that the suggested opti-
mization strategy for SIHO lets the classifier outperform the
LightGBM by default due to better hyperparameter tuning.
Overall, this analysis indicates that SIHO-based hyperparam-
eter optimization complements the proposed glioma grading
model, while the broader comparisons highlighted in Table 1
lend additional strength to the overall framework.
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F. Comparative Discussion

The comparative results in Table 1 show that the proposed
SIHO-enabled LightGBM model achieved improved glioma
grading performance compared with conventional machine
learning models, deep learning baselines, standard LightGBM,
and other optimization-based LightGBM variants. In the 80:20
train-test setting, the proposed model achieved 96.59% accu-
racy, while in the 10-fold cross-validation setting, it achieved
96.33% accuracy. Similar performance patterns were observed
for sensitivity, specificity, and F1-score, indicating balanced
classification between HGG and LGG cases.

The improvement can be mainly attributed to the SIHO-
based hyperparameter optimization strategy, which enhances
the tuning of LightGBM compared with the non-optimized
model. The performance gain over SSA-based LightGBM
and COA-based LightGBM further suggests that the proposed
SIHO strategy provides an effective optimization mechanism
within the evaluated experimental setting. Although the 80:20
split produced slightly higher results than 10-fold cross-
validation, the small difference between the two settings
indicates relatively stable internal validation performance.

To strengthen the comparative analysis, the proposed
method was evaluated against conventional machine learning
models, standard LightGBM, optimization-based LightGBM
variants, and deep learning baselines, including VGG19, CNN,
and Deep-CNN. However, the comparison is limited to the
baseline models implemented. Further studies should include
comparison with advanced 3D CNN and transformer-based
glioma grading networks to provide a broader assessment
against stronger deep learning approaches.

Although the results are encouraging, the proposed frame-
work has some limitations. The evaluation was performed only
on the BraTS 2019 benchmark dataset and was not validated
using independent clinical datasets. Although BraTS 2019
is multi-institutional, it may not fully represent real-world
variations in scanner type, acquisition protocol, image quality,
and clinical workflow. In addition, the 80:20 test set contains
a limited number of cases, and the dataset has an imbalanced
distribution between HGG and LGG classes. Although k-fold
cross-validation was used for internal validation, statistical ro-
bustness remains limited because confidence interval analysis
and formal significance testing were not performed. There-
fore, the proposed method should currently be considered
a controlled experimental decision-support framework rather
than a standalone clinical grading system. Future work should
include confidence intervals, statistical significance testing,
external validation on independent multi-center datasets, and
comparison with stronger deep learning-based glioma grading
models.

V. CONCLUSION

This study presented a SIHO-enabled LightGBM framework
for automated glioma grading using BraTS 2019 MRI data.
This framework integrates FNLM denoising, hybrid tumor
segmentation, radiomic feature extraction and SIHO-based hy-
perparameter optimization to enhance classification accuracy.
The derived radiomic features comprised a diversity of tumor
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TABLE I
PERFORMANCE COMPARISON OF DIFFERENT METHODS UNDER TP = 80 AND 10-FOLD CROSS-VALIDATION. THE REPORTED VALUES FOR THE 10-FOLD
SETTING REPRESENT THE AVERAGE PERFORMANCE ACROSS ALL FOLDS.

Setting  Metric KNN VGGI9 CNN Deep-CNN  LightGeM  oibased  COA-based — SIHO-enabled
LightGBM  LightGBM LightGBM

Accuracy 8029 8474  81.45 86.38 88.56 90.57 91.00 96.59

pgo  Semitvity 7973 8620 8100 86.98 88.91 90.64 91.09 94.73
Specificity  80.61  83.03  81.67 85.55 87.60 90.49 90.92 96.98
Fl-score  78.02 8439  80.35 85.73 85.78 89.49 89.90 95.22
Accuracy 7970 8561  81.10 88.77 87.41 87.61 91.16 96.33
loog  Sensitivity 7864 8322 7875 83.79 84.70 84.90 87.31 93.97
Specificity ~ 80.03  87.77  83.22 89.25 89.87 90.08 91.72 96.98
Flscore  79.07 8285  79.29 85.15 85.64 85.40 89.16 95.16

heterogeneity characteristics such as intensity, texture, shape,
asymmetry, wavelet and border irregularity. The proposed
SIHO-enabled LightGBM model outperformed those baselines
under both the 80:20 train-test split setting and the 10-fold
cross-validation setting. In the 80:20 evaluation, the model
achieved an accuracy of 96.59%, sensitivity of 94.73%, and
specificity of 96.98%, performing well with cross-validation
too. Based on these results, it can be demonstrated that
hyperparameter optimization through SIHO is an essential
factor that influences the power of the LightGBM classifier for
glioma grading. However, the study was limited to the BraTS
2019 benchmark dataset and was not validated on real-time
clinical data. Therefore, the reported results should be inter-
preted as benchmark-based evidence rather than direct clinical
validation. Overall, the proposed method shows promise as
a decision-support framework for automated glioma grading,
and future work will focus on external clinical validation and
broader generalization studies.
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