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Computational Approach to Unveil Mechanisms of Action
of Sesquiterpene Glycosides from Calendula officinalis

against Gastric Cancer

Hung Duc Nguyen*

Faculty of Biology, Thai Nguyen University of Education, Thai Nguyen, Vietnam 

Abstract: Gastric cancer remains a major global health burden, and prognosis for advanced disease is frequently 
limited by late diagnosis and the toxicity of systemic chemotherapy. Mcl-1, an anti-apoptotic Bcl-2 family protein 
often overexpressed in gastric cancer, contributes to apoptosis evasion and treatment resistance, supporting its 
relevance as a therapeutic target. In this study, sesquiterpene glycosides from Calendula officinalis were evaluated as 
Mcl-1 (PDB: 6QFQ)-directed ligands using an integrated in silico workflow, with Etoposide as a reference. Docking 
identified CPD2 as the top-ranked compound (-10.75 kcal/mol), exceeding Etoposide (-9.80 kcal/mol), with a binding 
mode dominated by nonpolar contacts within the pocket and hydrogen-bond assignment to Arg263 and Leu267. 
During 100 ns molecular dynamics simulations, both complexes remained stable; CPD2 showed a RMSD values 
predominantly between 0.11-0.15 nm after equilibration and lower compactness/solvent-exposure trends (Rg 1.42-
1.44 nm; SASA 82-88 nm²) relative to the Etoposide complex. MM/GBSA predicted a favorable association for 
both ligands, yielding comparable ΔTOTAL values (-28.72 ± 4.45 kcal/mol for CPD2; -29.80 ± 10.53 kcal/mol for 
Etoposide). ADMET prediction indicated high intestinal absorption for CPD2 (94.482%) despite low water solubility 
(-5.034 log mol/L), and DFT suggested greater electronic pliability for CPD2 (ΔE = 5.2502 eV) than Etoposide (ΔE 
= 11.1496 eV). Overall, CPD2 emerges as a prioritized computational hit for structure-guided optimization, and 
subsequent biochemical and cellular validation is expected to clarify its translational potential.

Keywords: Anti-apoptosis, Calendula officinalis, Gastric Cancer, In Silico, Mcl-1, Sesquiterpene Glycosides.

1.    INTRODUCTION

Cancer remains a significant global health threat, 
with an estimated 20 million new cases and 
over 10 million deaths annually. Both incidence 
and mortality rates are rising due to factors 
like population aging, lifestyle risk factors, and 
disparities in healthcare access [1]. Forecasts further 
anticipate a marked expansion in annual incidence 
by 2050 (approximately 30.5 to 35 million cases), 
representing about a 77% increase relative to 2022, 
mainly attributable to demographic growth, longer 
life expectancy, and development-associated risks 
such as tobacco use, alcohol consumption, and 
obesity [2]. Gastric cancer remains the world’s 
fifth most common cancer and the fifth leading 
cause of cancer-related deaths globally. Although 
treatment options have advanced, including 

surgery, systemic chemotherapy, and molecularly 
targeted approaches, outcomes for advanced gastric 
cancer remain unfavorable because many cases 
are detected late and exhibit rapid dissemination, 
leaving few curative opportunities, and median 
survival is commonly below one year [3, 4]. Standard 
management typically combines chemotherapy 
with surgery and/or radiotherapy according to 
disease stage, tumor location, and patient condition 
[5]. However, cytotoxic chemotherapy frequently 
damages proliferative normal tissues, causing 
fatigue, gastrointestinal toxicity, mucositis, and 
alopecia, and may also induce myelosuppression, 
neuropathy, appetite loss, and organ toxicities; 
effects are drug-dependent and are mainly 
managed with supportive care [6]. This toxicity and 
tolerability profile supports continued investigation 
of safer adjunctive or alternative strategies, 



including plant-derived bioactive candidates for 
gastric cancer management.

Mcl-1 (Myeloid cell leukemia-1) is a key 
anti-apoptotic protein often overexpressed in 
gastric cancer, promoting tumor growth, invasion, 
and resistance to chemotherapy by blocking 
programmed cell death. Its high expression indicates 
a worse prognosis for patients. It is associated with 
advanced stages, making it a significant target for 
novel therapies, especially when combined with 
standard treatments to enhance effectiveness [7-
9]. Systematic investigation has identified several 
natural products traditionally used for gastric 
disorders that exhibit potential Mcl-1-modulating 
activity in gastric cancer cells. These compounds 
can induce apoptosis by downregulating the anti-
apoptotic protein Mcl-1 or shifting its splicing 
towards the pro-apoptotic variant [10, 11]. The 
use of Calendula officinalis L. (known as Jin Zhan 
Ju) in Traditional Chinese Medicine is primarily 
for topical applications to promote circulation and 
healthy skin. However, in Western and folk herbal 
medicine traditions, it is often used internally to 
treat various gastric diseases such as gastritis, 
stomach ulcers, and inflammatory bowel conditions 
[12]. This ethnopharmacological background 
provides a rationale for focusing on characteristic 
secondary metabolites of C. officinalis, particularly 
constituents with reported anticancer potential. 
Sesquiterpene glycosides are natural compounds 
found in plants, formed by a sesquiterpene linked 
to one or more sugar units, which confer water 
solubility. They are known for diverse biological 
activities, including anti-inflammatory, enzyme 
inhibition, and anticancer activities. Previous 
study indicates that sesquiterpene glycosides 
isolated from C. officinalis show significant 
promise for treating gastric cancer [13]. Despite 
these observations, the specific target-level basis 
underlying the reported anticancer effects, especially 
with respect to apoptosis-regulatory proteins, 

has not been clearly delineated. Accordingly, the 
mechanistic link between sesquiterpene glycosides 
and Mcl-1-mediated apoptotic control remains 
incompletely defined at the molecular level. To 
address this gap, a multi-computational approach 
was implemented to map binding propensity and 
stability, integrating structure-based docking with 
time-resolved molecular dynamics, MM/GBSA, 
in silico ADMET profiling, and DFT calculations. 
This combined framework enables comparative 
candidate prioritization and provides a rational 
basis for subsequent experimental verification and 
structure-guided lead refinement in gastric cancer 
drug development.

2.    MATERIALS AND METHODS 

2.1. Data Collection

These selected sesquiterpene glycosides, including 
α-Elemol 11-O-β-D-fucopyranoside 2′-O-angelate 
ester (CPD1), β-Eudesmol-β-D-fucopyranoside-
2’-O-angelate (CPD2), officinoside D (CPD3), 
have molecular formulas of C26H42O6, C26H42O6, 
C27H44O6, respectively, with molecular weights 
of 450.2981, 450.2981, 464.3138 m/z. Etoposide, 
possessing a molecular formula of C29H32O13 and a 
molecular weight of 588.1843 m/z, was chosen as 
the positive control (Figure 1). 

2.2. Molecular Docking Analysis

Three-dimensional structures of the selected 
ligands and Etoposide were generated in PDB 
format using BIOVIA Discovery Studio Visualizer. 
During ligand preparation, polar hydrogen atoms 
were added, Gasteiger partial charges were 
assigned, and torsional degrees of freedom were 
retained by treating rotatable bonds as flexible. 
The crystallographic coordinates of the anti-
apoptotic protein Mcl-1 (PDB ID: 6QFQ) were 
retrieved from the RCSB Protein Data Bank [14]. 

 
A 

 
B 

 
C 

 
D 

 

Fig. 1. 3D Structures of selected ligands. (A) CPD1, (B) CPD2, (C) CPD3, (D) Etoposide.
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Because Mcl-1 is closely associated with apoptosis 
resistance in gastric cancer, this target was selected 
to evaluate the disease relevance of the investigated 
sesquiterpene glycosides. Docking calculations 
were performed with AutoDock Tools using a cubic 
search space defined by 60 grid points along each 
Cartesian axis (x, y, z) at a spacing of 0.375 Å, with 
the grid center positioned at x = 3.934 Å, y = -18.343 
Å, and z = 18.680 Å to cover the binding region. 
Conformational exploration and pose prioritization 
were conducted using the Lamarckian genetic 
algorithm, enabling identification of energetically 
favorable binding orientations and consistent 
interaction patterns. The highest-scoring protein-
ligand complex was subsequently examined in 
Discovery Studio Client 2024, and its interaction 
profile was assessed in parallel with the docking 
pose of Etoposide within the same Mcl-1 structure 
to delineate overlapping or divergent binding 
characteristics.

2.3. Molecular Dynamics Simulations 

Molecular dynamics simulations were conducted 
to evaluate the time-dependent stability of the 
docked Mcl-1-ligand complex based on the Mcl-
1 crystal structure (PDB ID: 6QFQ). This analysis 
was performed to further examine the behavior 
of the prioritized complexes in a gastric cancer-
relevant Mcl-1 targeting context. Simulations were 
executed in GROMACS 2024.4 employing the 
CHARMM36 force field over a 100 ns trajectory 
[15]. Protein preprocessing involved reconstruction 
of missing atoms and residues using Swiss-
PdbViewer [16], whereas CHARMM-compatible 
ligand topology and parameter files were generated 
via SwissParam [17]. The assembled complex 
was placed in a triclinic periodic simulation cell, 
solvated with SPC water, and supplemented with 
NaCl to achieve 0.15 M ionic strength while 
ensuring overall electroneutrality. To alleviate steric 
clashes and unfavorable contacts, steepest-descent 
energy minimization was applied for 50,000 steps. 
The equilibration stage consisted of 100 ps under 
the NVT ensemble at 300 K followed by 100 ps 
under the NPT ensemble at 1 bar. System stability 
prior to production was assessed by monitoring 
temperature, pressure, and potential energy, which 
reached stable behavior before the 100 ns production 
run. To ensure stable numerical integration with a 
2 fs time step, covalent bonds involving hydrogen 
atoms were constrained using the LINCS algorithm. 

The production stage comprised a single 100 ns 
run for each complex with a 2 fs integration step, 
and coordinate frames were saved every 10 ps for 
subsequent analysis. Trajectory-derived descriptors 
were obtained in Grace, including root mean square 
deviation (RMSD), root mean square fluctuation 
(RMSF), radius of gyration (Rg), solvent-accessible 
surface area (SASA), and number of hydrogen 
bonds (Hbonds). Conformational agreement 
among representative structures was additionally 
assessed in UCSF Chimera (v1.13.3) via coordinate 
superposition to compare characteristic states 
across the simulations [18]. 

2.4. Molecular Mechanics Generalised Born 
       Surface Area (MM/GBSA) Analysis

Binding free-energy calculations for the CPD2-
6QFQ and Etoposide-6QFQ complexes were 
performed using the gmx_MMPBSA workflow in 
conjunction with the CHARMM36 parameter set. 
This step was used to refine ligand prioritization 
against the gastric cancer-relevant target Mcl-1. The 
polar solvation contribution was computed with a 
generalized Born implicit-solvent approach, while 
the non-polar solvation component was estimated 
from solvent-accessible surface area. Energetic 
components were extracted from the molecular 
dynamics trajectories by analyzing 125 evenly 
distributed snapshots, sampled at 80 ps intervals 
over an 80 ns evaluation period spanning 20-100 ns. 
Mean values obtained from this snapshot ensemble 
enabled a direct comparison of ligand-protein 
interaction energetics and facilitated interpretation 
of relative binding propensity and complex 
persistence within the simulated timeframe [19].

2.5. Assay Protocol for ADMET Prediction

Early evaluation of absorption, distribution, 
metabolism, excretion, and toxicity (ADMET) 
properties is essential for identifying prospective 
pharmacokinetic constraints and safety concerns, 
thereby guiding compound selection and mitigating 
late-stage attrition. In the present study, this analysis 
supported the early selection of compounds with 
potential suitability for gastric cancer-related drug 
development. Thus, the pkCSM web platform was 
used to estimate the ADMET profiles of CPD2 and 
Etoposide computationally. pkCSM utilizes graph-
based molecular signatures to predict descriptors 
linked to absorption, distribution, metabolism, 
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excretion, and toxicity, facilitating a systematic 
comparison of developability-related attributes 
between the examined compounds [20].

2.6. Quantum Chemistry Computation Using 
       the Density Functional Theory (DFT)
       Method 

Geometric optimization of CPD2 and Etoposide 
was carried out using the ORCA quantum-
chemistry package (v6.1.0). Initial molecular 
geometries were assembled in Avogadro, 
and molecular-orbital inspection, along with 
associated electronic analyses, was performed in 
IboView (v20211019). Density functional theory 
computations were executed with the B3LYP 
exchange-correlation functional and the 6-31G(d,p) 
basis set to obtain electronic wavefunctions at 
the optimized minima. This level of theory was 
selected because it provides a practical balance 
between computational cost and reliability for 
geometry optimization and frontier-orbital analysis 
of small organic molecules. However, because 
these calculations were performed in the gas phase, 
solvent effects and dispersion-related contributions 
were not explicitly accounted for, and the resulting 
electronic descriptors may overestimate molecular 
pliability relative to an implicitly solvated aqueous 
environment. Based on the converged structures, 
frontier-orbital energies (HOMO and LUMO) 
were extracted, and the energy gap (ΔE) was 
determined. Conceptual DFT indices, chemical 
potential (µ), electronegativity (χ), global hardness 
(η), softness (σ), and electrophilicity index (ω), 
were subsequently derived using a Koopmans-

type approximation, enabling interpretation of 
electronic structure features and reactivity trends 
for the investigated molecules [21-23].

3.    RESULTS AND DISCUSSION

3.1. Molecular Docking Analysis

Molecular docking enables in silico estimation 
of preferred ligand orientations within a protein 
cavity and provides a comparative proxy for 
binding propensity through scoring functions 
that approximate noncovalent stabilization. 
Contemporary structure-based discovery workflows 
commonly interpret docking outputs by integrating 
energetic ranking with recurrence of pocket-defining 
residues and interaction classes (hydrogen bonding, 
hydrophobic, and van der Waals interactions) [24]. 
These interaction modes contribute in distinct yet 
cooperative ways: hydrogen bonding supports 
directional polar anchoring, whereas hydrophobic 
and dispersion-driven contacts enhance geometric 
complementarity and thermodynamic stabilization 
of protein-ligand assemblies [25]. 

As summarized in Table 1, CPD2 produced 
the most favorable docking score (-10.75 kcal/mol), 
followed by CPD3 (-10.64 kcal/mol) and CPD1 
(-10.51 kcal/mol). Because Mcl-1 is implicated in 
apoptosis resistance in gastric cancer, this favorable 
docking profile suggests that CPD2 may have 
potential relevance as a gastric cancer-oriented 
Mcl-1 modulator. Each of these three candidates 
exceeded the reference Etoposide (-9.80 kcal/mol) 
under the same docking workflow, indicating higher 

Docked ligands Binding energy 
(kcal/mol)

Hydrogen bond 
interaction

Van der Waals interaction Hydrophobic interaction

CPD1 -10.51 Arg263, Leu267 Ala227, Val253, Phe254, 
Thr266, Leu290

Phe228, Met231, Leu235, 
Leu246, Val249, Met250, 
Phe270, Val274, Leu267

CPD2 -10.75 Arg263, Leu267 Phe254, Thr266, Gly271, 
Val274, Leu290

Phe228, Met231, Leu235, 
Leu246, Val249, Met250, 
Val253, Leu267, Phe270

CPD3 -10.64 Met250, Leu267 His224, Val249, Val253, 
Phe254, Gly271

Ala227, Phe228, Met231, 
Leu235, Leu246, Val274, 

Leu290, Ile294
Etoposide -9.80 Arg263, Thr266, 

Leu267
Leu235, Val249, Val253, 
Phe254, Gly262, Gly271, 

Val274, Ile294

His224, Ala227, Phe228, 
Met231, Leu246, Met250, 
Arg263, Thr266, Phe270, 

Leu290

Table 1. The interactions between the docked ligands and the protein 6QFQ.
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predicted affinity within the scoring function used. 
Because docking scores represent an approximate 
ranking derived from the balance of modeled non-
covalent terms, subsequent validation with dynamic 
sampling and more rigorous free-energy estimation 
remains advisable when advancing to mechanistic 
interpretation [26]. CPD2 engaged a compact 
interaction constellation dominated by hydrophobic 
and aromatic residues (Phe228, Met231, Val249, 
Met250, Val253, Ile267, Phe270), supplemented 
by Arg263 and Gly271 as annotated active-
site participants. Hydrogen-bond contacts were 
assigned to Arg263 and Leu267, suggesting polar 
anchoring at the Arg263 side chain together with 
backbone-mediated polar complementarity in the 
vicinity of residue 267. Van der Waals contributions 
were reported for Phe254, Thr266, Gly271, Val274, 
and Leu290, consistent with close-range packing at 
the cavity periphery. The hydrophobic interaction 
list for CPD2 (Phe228, Met231, Leu235, Leu246, 
Val249, Met250, Val253, Leu267, Phe270) indicates 
extensive nonpolar burial, which is commonly 
associated with stabilization of ligand poses through 
desolvation and dispersion complementarity in 
aqueous environments (Figure 2A) [27, 28]. 

Relative to CPD2, CPD1 displayed a closely 
related contact pattern but incorporated Ala227 
among the annotated active-site residues (Ala227, 
Phe228, Met231, Val249, Met250, Val253, Arg263, 
Ile267, Phe270). Hydrogen bonds were likewise 
assigned to Arg263 and Leu267, implying a 
conserved polar-recognition element shared with 
CPD2. The van der Waals interaction set for CPD1 
(Ala227, Val253, Phe254, Thr266, Leu290) and 
the hydrophobic set (Phe228, Met231, Leu235, 
Leu246, Val249, Met250, Phe270, Val274, Leu267) 
support an interaction model in which tight packing 
against Phe228/Phe270 and multiple aliphatic 
side chains dominates, while Arg263 contributes a 
recurrent directional component [29]. 

CPD3 differed by recruiting His224 as an 
additional pocket contact (His224, Ala227, Phe228, 
Met231, Val249, Met250, Val253, Ile267, Gly271), 
and its hydrogen-bond annotations shifted to 
Met250 and Leu267 rather than Arg263. This pattern 
is consistent with an alternative polar-anchoring 
scheme centered on Met250 (likely via backbone 
participation, given the limited hydrogen-bonding 
capacity of the Met side chain) while maintaining 

 
A 

 
B 

 
Fig. 2. Molecular docking model and 2D interaction diagram of CPD2 (A) and Etoposide (B) with 6QFQ protein.
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residue-267 involvement. CPD3 also exhibited 
van der Waals interactions with His224, Val249, 
Val253, Phe254, and Gly271, and hydrophobic 
contacts extending toward Ile294 (Ala227, Phe228, 
Met231, Leu235, Leu246, Val274, Leu290, Ile294), 
implying a slightly reoriented pose that samples an 
adjacent nonpolar subregion of the binding cavity.
Etoposide occupied an overlapping core region 
with broader residue coverage (His224, Ala227, 
Phe228, Met231, Val249, Met250, Val253, Gly262, 
Arg263, Ile267, Phe270, Gly271). Hydrogen bonds 
were assigned to Arg263, Thr266, and Leu267, 
indicating a triad of polar contacts that includes 
Thr266, a residue also present in the van der 
Waals or active-site lists of the CPD series. The 
van der Waals set for Etoposide (Leu235, Val249, 
Val253, Phe254, Gly262, Gly271, Val274, Ile294). 
Hydrophobic interactions (His224, Ala227, Phe228, 
Met231, Leu246, Met250, Arg263, Thr266, 
Phe270, Leu290) suggest simultaneous utilization 
of both aromatic/hydrophobic packing and multiple 
polar-capable residues, albeit with a less favorable 
docking score than CPD1-CPD3 (Figure 2B).  

Across all four ligands, repeated engagement of 
Phe228, Met231, Val249, Met250, Val253, Leu267, 
and Phe270 supports the presence of a conserved 
recognition nucleus dominated by aromatic and 
aliphatic side chains, a physicochemical context in 
which dispersion and hydrophobic effects frequently 
contribute substantially to pose stabilization [30]. 
Differences in annotated hydrogen-bond partners 
imply ligand-dependent anchoring preferences 
that may alter residence within local minima of the 
docking energy landscape and could affect stability 
once receptor and solvent flexibility are represented 
explicitly. For this reason, pose refinement using 
interactions and follow-on molecular dynamics, 
with endpoint or more rigorous free-energy 
methods, can improve confidence beyond docking 
rank-order alone. 

3.2. Molecular Dynamics Simulations

Molecular dynamics (MD) simulations are an 
established computational approach for resolving 
time-dependent atomic motions in molecular 
systems. By integrating the equations of motion 
under defined force fields and solvent conditions, 
MD yields trajectories that capture conformational 
fluctuations and interaction patterns at the atomic 
level. This capability supports mechanistic 

interrogation of phenomena that remain challenging 
to access experimentally, including protein folding 
pathways, ligand recognition and retention, 
allosteric rearrangements, and structure-property 
relationships in materials. Consequently, MD has 
become a core component of modern workflows in 
drug discovery, molecular chemistry, and materials 
engineering [31]. A 100 ns molecular dynamics 
protocol was carried out for the CPD2-6QFQ and 
Etoposide-6QFQ systems, and trajectory-derived 
conformational ensembles were examined through 
backbone RMSD, residue RMSF, radius of gyration 
(Rg), solvent-accessible surface area (SASA), and 
hydrogen-bond monitoring to characterize structural 
deviation, compactness, surface exposure, and 
polar-contact persistence [32]. The CPD2-6QFQ 
complex exhibited total and potential energies of 
-220,699 kJ/mol and -274,708 kJ/mol, respectively, 
whereas the corresponding values for Etoposide-
6QFQ were -220,400 kJ/mol and -274,358 kJ/mol. 
Temperature regulation maintained the simulations 
at 300 K.

The time-resolved structural descriptors 
differentiate the dynamical signatures of the CPD2-
6QFQ and Etoposide-6QFQ complexes over the 
100 ns trajectory. In the backbone RMSD profiles, 
CPD2-6QFQ shows an early relaxation phase 
followed by a comparatively narrow fluctuation 
envelope, with most frames distributed around 
0.11-0.15 nm and without a pronounced long-term 
drift (Figure 3A). This stable dynamic behavior 
is consistent with the prioritization of CPD2 for 
further investigation against the gastric cancer-
relevant target Mcl-1. By contrast, the Etoposide-
6QFQ trace stabilizes at a higher RMSD level and 
displays broader variability, frequently occupying 
0.16-0.22 nm, with intermittent excursions toward 
0.24-0.27 nm during the early segment and again 
in the late trajectory. Such persistent separation 
between RMSD bands is commonly interpreted 
as a higher-amplitude conformational response 
of the protein-ligand assembly rather than purely 
stochastic thermal noise, particularly when 
sustained over tens of nanoseconds [33].

For residue-wise flexibility, the analysis is 
restricted to Asp172-Val321, which contains the 
principal recognition corridor reported by docking 
(including His224, Ala227, Phe228, Met231, 
Val249-Val253, Arg263, Thr266, Leu267, Phe270, 
and Val274). Within this segment, both complexes 
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exhibit low-amplitude fluctuations, remaining 
largely below 0.10 nm across most positions (Figure 
3B). RMSF represents the standard deviation of 
positional fluctuations around an average structure 
after optional fitting, and low RMSF values 
are generally consistent with retention of local 
secondary-structure order. A modest upward shift 
of the Etoposide trace relative to CPD2 is apparent 
across much of this interval, suggesting slightly 
increased local mobility of the groove region 
when Etoposide is bound, even though the most 
prominent RMSF maxima in the full-length profile 
occur outside the Asp172-Val321 window. This 
pattern supports a model in which CPD2 stabilizes 
the binding groove segment more effectively, 
whereas Etoposide is associated with a somewhat 
more compliant local environment. 

Compactness and solvent exposure metrics 
exhibit coherent trends with RMSD/RMSF. The 
radius of gyration (Rg) for CPD2-6QFQ remains 
lower overall and more uniform, with most 

values clustered around 1.42-1.44 nm after initial 
equilibration (Figure 3C). Etoposide-6QFQ shows 
a higher central tendency and broader excursions, 
occupying 1.44-1.48 nm for extended intervals and 
briefly sampling still more expanded conformations 
early in the run. In parallel, SASA values for 
CPD2-6QFQ concentrate primarily around 82-
88 nm², while Etoposide-6QFQ remains shifted 
upward (commonly 88-95 nm²) and more variable 
(Figure 3D). Elevated Rg together with persistently 
higher SASA is consistent with increased solvent 
exposure and a less compact protein ensemble, 
which can reflect cavity breathing motions or 
partial loosening of tertiary packing in response to 
ligand accommodation. 

The hydrogen-bond time series reveals a 
mechanistic distinction in the mode of stabilizing 
interaction. Etoposide-6QFQ sustains a denser 
hydrogen-bonding pattern, particularly within the 
first 20 ns, where 1-3 hydrogen bonds dominate with 
occasional peaks reaching 4 (Figure 3E). Beyond 

Fig. 3. Results of MD simulation for the bindings of CPD2 (blue) and Etoposide (red) with 6QFQ protein. (A) RMSD, 
(B) RMSF, (C) Rg, (D) SASA, (E) Hbonds.
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this period, the Etoposide complex continues to 
display recurrent hydrogen-bond events (typically 
0-1, punctuated by frequent short-lived rises to 
2-3 and occasional spikes). In contrast, CPD2-
6QFQ presents sparse hydrogen bonding for most 
of the trajectory, with prolonged intervals at zero 
and only intermittent episodes reaching 1; higher 
counts appear mainly as short bursts (including 
transient peaks up to 3) rather than a sustained 
network. High-occupancy hydrogen bonding 
is often associated with increased interaction 
specificity. It can support pose retention, yet the 
current comparison indicates that hydrogen-bond 
abundance alone does not necessarily correlate with 
reduced global backbone deviation, underscoring 
that nonpolar packing, dispersion stabilization, and 
collective protein motions may dominate the net 
dynamical response. Despite its lower hydrogen-
bond persistence, CPD2 maintained lower RMSD, 
Rg, and SASA values throughout the simulation, 
indicating that its stability was not dependent 
on a dense hydrogen-bond network. Instead, the 
CPD2-6QFQ complex appears to be stabilized 
predominantly by hydrophobic enclosure and van 
der Waals complementarity, consistent with the 
docking interaction pattern.

Taken together, the combined metrics indicate 
that CPD2-6QFQ adopts a more compact and 
conformationally restrained ensemble (lower 
RMSD, lower Rg, reduced SASA) despite 
limited hydrogen-bond persistence, consistent 
with stabilization driven predominantly by 
hydrophobic enclosure and close-range packing. 
Etoposide-6QFQ, while exhibiting more frequent 
hydrogen-bond formation, shows larger-amplitude 
structural fluctuations and higher solvent exposure, 
suggesting greater conformational plasticity of the 
protein in the bound state. Within contemporary 

simulation-based screening pipelines, such a profile 
supports prioritization of CPD2 for subsequent 
energetic refinement while retaining Etoposide as 
a comparative reference due to its distinct polar-
contact signature. 

3.3. Free Binding Energy (MM/GBSA) Analysis 

MM/GBSA is an end-state free-energy scheme 
that combines molecular-mechanics interaction 
terms (van der Waals and Coulombic electrostatics) 
with an implicit-solvent treatment in which the 
polar solvation contribution is approximated by 
a generalized Born (GB) model. In contrast, the 
nonpolar term is often associated with solvent-
accessible surface area (SASA). In routine 
applications, configurational entropy is frequently 
excluded because of cost and methodological 
variability; consequently, MM/GBSA is typically 
interpreted as a comparative ranking metric whose 
outcomes depend on sampling quality and model 
choices such as dielectric settings and solvation 
parametrization [34, 35]. 

As reported in Table 2, both CPD2-6QFQ 
and Etoposide-6QFQ display favorable mean total 
binding free energies (ΔTOTAL), equal to -28.72 
± 4.45 kcal/mol and -29.80 ± 10.53 kcal/mol, 
respectively. Given the role of Mcl-1 in gastric 
cancer cell survival, these energetics support 
the relevance of CPD2 as a computationally 
promising ligand in this disease setting. The 
slightly more negative mean for Etoposide suggests 
a marginally stronger association within the same 
MM/GBSA protocol; however, the substantially 
larger dispersion for Etoposide across components 
(notably ΔVDWAALS and ΔEEL) indicates 
greater energetic heterogeneity among sampled 
configurations, which can arise from broader pose 

Energy component
Average (kcal/mol)	 Standard deviation	

CPD2-6QFQ Etoposide-6QFQ CPD2-6QFQ Etoposide-6QFQ
ΔVDWAΔALS -34.96 -41.35 4.29 9.50
ΔEEL -2.39 -20.21 4.87 9.38
ΔEGB 12.82 37.27 4.90 8.14
ΔESURF -4.19 -5.50 0.54 1.02
ΔGGAS -37.35 -61.57 5.50 13.89
ΔGSOLV 8.63 31.77 4.93 7.97
ΔTOTAL -28.72 -29.80 4.45 10.53

Table 2. Free energy of binding obtained using MMGBSA calculations.
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microstate diversity or larger amplitude fluctuations 
of interfacial contacts. 

Energy decomposition indicates distinct 
driving forces. For CPD2-6QFQ, the gas-phase 
term is moderately favorable (ΔGGAS = -37.35 
± 5.50 kcal/mol) and is dominated by dispersion 
stabilization (ΔVDWAALS = -34.96 ± 4.29 
kcal/mol), whereas Coulombic electrostatics 
contribute only weakly (ΔEEL = -2.39 ± 4.87 kcal/
mol). This interaction gain is counterbalanced 
by a comparatively small net solvation penalty 
(ΔGSOLV = 8.63 ± 4.93 kcal/mol), arising 
primarily from the polar desolvation contribution 
(ΔEGB = 12.82 ± 4.90 kcal/mol) and partially 
compensated by a favorable nonpolar surface term 
(ΔESURF = -4.19 ± 0.54 kcal/mol). Such a profile 
is consistent with a binding mode that relies mainly 
on close-range packing and hydrophobic/van der 
Waals complementarity, while incurring a limited 
polar desolvation cost.

In contrast, Etoposide-6QFQ exhibits 
substantially stronger gas-phase stabilization 
(ΔGGAS = -61.57 ± 13.89 kcal/mol), reflecting both 
enhanced van der Waals attraction (ΔVDWAALS 
= -41.35 ± 9.50 kcal/mol) and markedly favorable 
electrostatics (ΔEEL = -20.21 ± 9.38 kcal/mol). 
These gains are opposed by a much larger solvation 
penalty (ΔGSOLV = 31.77 ± 7.97 kcal/mol), 
dominated by the GB polar component (ΔEGB = 
37.27 ± 8.14 kcal/mol) with a modest compensatory 
nonpolar term (ΔESURF = -5.50 ± 1.02 kcal/mol). 
The near-cancellation between stronger vacuum 
interactions and amplified polar desolvation 
rationalizes why ΔTOTAL remains close to that 
of CPD2 despite the more attractive ΔGGAS. This 
energetic balance is frequently observed for ligands 
with pronounced electrostatic engagement, where 
favorable Coulombic contacts often coincide with 
increased desolvation costs in implicit-solvent end-
state formalisms [36]. 

Overall, the MM/GBSA results indicate that 
both ligands are predicted to bind favorably, with 
Etoposide showing a slightly more negative mean 
ΔTOTAL but substantially higher variability. At the 
same time, CPD2 presents a more compact energetic 
distribution and a binding signature primarily 
governed by dispersion with a minor desolvation 
penalty. Given the known sensitivity of end-state 
estimates to sampling and parameterization, the 

close ΔTOTAL values (within the observed standard 
deviations) support a conservative interpretation 
in which CPD2 and Etoposide exhibit broadly 
comparable MM/GBSA binding tendencies 
under the present setup, and additional validation 
through extended sampling and/or entropy-aware 
refinements would improve confidence in fine rank 
distinctions. 

3.4. ADMET Prediction Analysis

In silico ADMET screening is commonly used as 
an early developability filter because it summarizes 
absorption, distribution, metabolism, excretion, and 
safety-relevant liabilities before resource-intensive 
experimental campaigns. Such predictions are most 
reliable for comparative triage within a consistent 
workflow and should be interpreted alongside assay 
confirmation, given model dependence on training 
data, chemical domain, and endpoint definitions 
[37]. Table 3 summarizes the in silico ADMET 
outputs for CPD2 and Etoposide, providing a 
comparative overview of predicted absorption, 
distribution, metabolism, excretion, and toxicity 
parameters used to support early developability 
assessment.

- Absorption: The absorption panel differentiates 
CPD2 and Etoposide primarily through solubility-
permeability balance. CPD2 shows lower predicted 
aqueous solubility (-5.034 log mol/L) than Etoposide 
(-3.487 log mol/L), suggesting a larger dissolution 
constraint for CPD2 despite favorable membrane 
transport metrics. In parallel, CPD2 shows higher 
predicted Caco-2 permeability (1.144 vs 0.403 
log Papp) and higher predicted human intestinal 
absorption (94.482% vs 75.614%), consistent with 
a stronger epithelial transport propensity upon 
solubilization. Caco-2 permeability is widely used 
as a surrogate of intestinal transcellular permeation, 
although assay and model variability can influence 
absolute interpretation [38]. Skin permeability 
predictions are more negative for CPD2 (-3.327 log 
Kp) than for Etoposide (-2.735 log Kp), indicating 
lower modeled transdermal permeation for CPD2 
under the same estimator. Both compounds are 
classified as P-glycoprotein (P-gp) substrates and 
as P-gp I/II inhibitors, a combination that may 
complicate exposure prediction because efflux 
liability and transporter inhibition can modulate net 
absorption and drug-drug interaction risk depending 
on co-administered substrates and inhibitors. 
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- Distribution: Distribution descriptors indicate 
broadly similar systemic disposition with notable 
divergence in CNS-related indices. VDss values 
are comparably low (-0.301 log L/kg for CPD2; 
-0.218 log L/kg for Etoposide), while the predicted 
unbound fraction is slightly higher for CPD2 (Fu 
= 0.05) than for Etoposide (Fu = 0.038), implying 
a modestly larger free circulating pool for CPD2. 
CNS exposure surrogates separate the compounds: 
CPD2 shows higher predicted BBB permeability 
(logBB = -0.018) than Etoposide (logBB = -1.567), 
and likewise higher predicted CNS permeability 
(logPS = -2.529 vs -4.115). Contemporary BBB 
modeling emphasizes that logBB/logPS indices 
primarily support comparative ranking rather than 

definitive brain exposure prediction, especially 
when transporter effects (e.g., P-gp at the BBB) are 
plausible [39].

- Metabolism: The metabolic liability panel 
indicates convergent biotransformation routing. 
Both CPD2 and Etoposide are predicted to 
be CYP3A4 substrates and non-substrates for 
CYP2D6, suggesting a predominant dependence on 
CYP3A-mediated oxidative metabolism rather than 
CYP2D6 turnover. No inhibition alerts are reported 
for CYP1A2, CYP2C19, CYP2C9, CYP2D6, or 
CYP3A4 for either compound, which reduces, 
without eliminating, concerns about CYP-mediated 
perpetrator drug-drug interactions in this prediction 

ADMET properties Unit CPD2 Etoposide
Water Solubility (Log mol/L) -5.034 -3.487
Caco2 permeability (Log Papp in 10-6 cm/s) 1.144 0.403
Intestinal absorption (Human)  (% Absorbed) 94.482 75.614
Skin permeability  (Log Kp) -3.327 -2.735
P-glycoprotein substrate Yes/No Yes Yes
P-glycoprotein I inhibitor Yes/No Yes Yes
P-glycoprotein II inhibitor Yes/No Yes Yes
VDss (Log L/kg) -0.301 -0.218
Fraction unbound (human) (Fu) 0.05 0.038
BBB permeability (Log BB) -0.018 -1.567
CNS permeability (Log PS) -2.529 -4.115
CYP2D6 substrate Yes/No No No
CYP3A4 substrate Yes/No Yes Yes
CYP1A2 inhibitor Yes/No No No
CYP2C19 inhibitor Yes/No No No
CYP2C9 inhibitor Yes/No No No
CYP2D6 inhibitor Yes/No No No
CYP3A4 inhibitor Yes/No No No
Total clearance (Log ml/min/kg) 0.96 -0.068
Renal OCT2 substrate Yes/No Yes No
AMES toxicity Yes/No No No
Max. tolerated dose (human) (Log mg/kg/day) -0.21 0.171
hERG I inhibitor Yes/No No No
hERG II inhibitor Yes/No No No
Oral rat acute toxicity (LD50) (mol/kg) 2.637 3.25
Oral rat chronic toxicity (LOAEL) (Log mg/kg_bw/day) 2.36 2.429
Hepatotoxicity Yes/No No No
Skin sensation Yes/No No No
Tetrahymena pyriformis toxicity  (Log ug/L) 0.31 0.285
Minnow toxicity (Log mM) 0.644 2.217

Table 3. Predicted ADMET properties of CPD2 and Etoposide.
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set. Because CYP3A4 contributes substantially 
to clinical drug clearance, substrate classification 
remains relevant for victim interaction potential 
in the presence of potent CYP3A inhibitors or 
inducers [40].

- Excretion: Clearance predictions diverge 
markedly: CPD2 shows a higher predicted total 
clearance (0.96 log mL/min/kg) than Etoposide 
(-0.068 log mL/min/kg), consistent with faster 
modeled systemic elimination for CPD2 within 
the same framework. Renal OCT2 substrate 
classification is positive for CPD2 and negative for 
Etoposide, implicating a potential role of cation-
transport pathways for CPD2 renal handling and 
transporter-mediated variability. OCT2 (often in 
functional interplay with MATE transporters) is 
recognized as an essential determinant of renal 
secretion and transporter-based interactions for 
susceptible substrates [41].

- Toxicity: Both compounds are predicted as 
AMES-negative, indicating no modeled bacterial 
mutagenicity signal, and both are classified as non-
inhibitors for hERG I and hERG II in the provided 
output, which is generally interpreted as a lower 
predicted risk for hERG-associated cardiotoxicity 
within the limitations of in silico classifiers. 
Modern computational toxicology highlights that 
mutagenicity and hERG endpoints benefit from 
confirmation using orthogonal experimental assays 
because false negatives remain possible outside 
model applicability domains [42]. Additional 
toxicity-related outputs indicate no predicted 
hepatotoxicity or skin sensitization for either 
ligand. The maximum tolerated dose (human) is 
lower for CPD2 (-0.21 log mg/kg/day) than for 
Etoposide (0.171 log mg/kg/day). Acute oral rat 
LD50 is 2.637 mol/kg (CPD2) versus 3.25 mol/
kg (Etoposide), while chronic oral rat LOAEL 
values are similar (2.36 vs 2.429 log mg/kg_bw/
day). Aquatic toxicity proxies differ by endpoint: 
T. pyriformis toxicity is 0.31 (CPD2) versus 0.285 
log µg/L (Etoposide), and minnow toxicity is 
0.644 (CPD2) versus 2.217 log mM (Etoposide), 
indicating non-uniform environmental toxicity 
trends across organisms and units [43].

Overall, CPD2 combines high predicted 
intestinal absorption and higher modeled epithelial 
permeability with substantially poorer predicted 
solubility, indicating that formulation or solubility 

optimization could be a limiting consideration 
if empirical solubility confirms the trend. From 
a gastric cancer drug-development perspective, 
this profile suggests that CPD2 has encouraging 
absorption-related properties, although solubility 
may require further optimization. Etoposide 
presents comparatively better solubility but lower 
predicted intestinal absorption and permeability 
indices. Both ligands share P-gp substrate and 
inhibitor classifications, which may influence 
oral exposure and interaction risk in transporter-
sensitive contexts. Distribution predictions indicate 
markedly reduced CNS exposure for Etoposide 
relative to CPD2 (logBB/logPS), while metabolism 
predictions suggest shared CYP3A4 substrate 
dependence with no predicted CYP inhibition flags. 
Clearance and renal transporter outputs further 
separate the profiles, with CPD2 showing higher 
predicted clearance and a positive OCT2-substrate 
classification, consistent with a potentially greater 
contribution of renal transporter processes to 
variability. 

3.5. Quantum Chemistry Computation Using 
       the DFT Method 

DFT-derived frontier orbital energies and 
global conceptual-DFT descriptors were used to 
contextualize the electronic response characteristics 
of CPD2 relative to Etoposide (Table 4). In the 
frontier-orbital framework, a higher (less negative) 
HOMO energy is commonly associated with 
increased electron-donating propensity, whereas 
a lower LUMO energy is often linked to greater 
electron-accepting capability; the HOMO-LUMO 
separation (ΔE) is frequently interpreted as an 
index of electronic adaptability, where smaller gaps 
suggest easier polarization and charge redistribution 
under perturbation [44]. Table 4 presents the 
DFT-derived frontier orbital energies (EHOMO, 
ELUMO, and ΔE) together with key conceptual-
DFT reactivity descriptors (µ, χ, η, σ, and ω) for 
CPD2 and Etoposide to support a comparative 
assessment of their electronic structure and global 
reactivity profiles.

CPD2 exhibits EHOMO = -3.1299 eV, 
substantially higher than that of Etoposide (-8.3206 
eV), supporting a comparatively stronger donor 
character for CPD2 under the same computational 
protocol. In the acceptor channel, CPD2 also 
exhibits a lower ELUMO (2.1203 eV) than 
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Etoposide (2.8290 eV), indicating a more accessible 
accepting orbital. Consistent with these trends, 
CPD2 shows a markedly smaller ΔE (5.2502 eV) 
than Etoposide (11.1496 eV), suggesting that CPD2 
is electronically more pliable, while Etoposide is 
characterized by a more rigid electronic structure 
with higher kinetic stability in the conceptual-DFT 
sense (Figure 4A, B) [45]. 

Global descriptors reinforce this separation. 
The chemical potential is less harmful for CPD2 
(µ = -0.5048 eV) than for Etoposide (µ = -2.7458 
eV), while electronegativity follows the inverse 
relation (χ = 0.5048 eV for CPD2; 2.7458 eV for 
Etoposide), indicating a stronger electron-attracting 
tendency for Etoposide. Hardness-softness behavior 
is consistent with the gap ordering: CPD2 exhibits 
lower hardness (η = 2.6251 eV) and higher softness 
(σ = 0.3809 eV⁻¹), whereas Etoposide shows higher 
hardness (η = 5.5748 eV) and lower softness (σ 
= 0.1794 eV⁻¹), implying greater resistance to 
electron-density deformation for Etoposide. 

The electrophilicity index further differentiates 
charge-acceptance propensity at the global level. 
CPD2 presents a low ω value (0.0485 eV), while 
Etoposide displays a notably higher ω (0.6762 
eV). Using the conceptual-DFT definition (ω = 
µ²/2η) and commonly cited interpretive scales, 
both values fall within the marginal electrophile 
range, yet Etoposide retains a substantially stronger 
electrophilic signature than CPD2. This electronic 
profile is compatible with an interaction model in 
which CPD2 is more polarizable and donation-
prone, whereas Etoposide expresses comparatively 
stronger electron-withdrawing character despite its 
larger orbital gap and higher hardness [46, 47]. These 
conceptual-DFT trends should be interpreted with 
caution because the calculations were performed 
in the gas phase; therefore, the apparent electronic 
pliability of CPD2 may be somewhat overestimated 
relative to a solvated environment. However, the 
smaller HOMO-LUMO gap and higher softness of 
CPD2 still suggest greater electronic adaptability, 
which may facilitate more efficient adjustment to 

Molecule EHOMO 
(eV)

ELUMO 
(eV)

ΔE 
(eV)

µ
(eV)

χ
(eV)

η
(eV)

σ
(eV-1)

ω
(eV)

CPD2 -3.1299 2.1203 5.2502 -0.5048 0.5048 2.6251 0.3809 0.0485
Etoposide -8.3206 2.8290 11.1496 -2.7458 2.7458 5.5748 0.1794 0.6762

Table 4. Quantum descriptors of CPD2 and Etoposide.

EHOMO (eV): highest occupied molecular orbitals; ELUMO (eV): lowest unoccupied molecular orbitals; ΔE 
(eV): energy gap; µ (eV): chemical potential; χ (eV): electronegativity; η (eV): hardness; σ (eV-1): softness; ω (eV): 
electrophilicity index.

 
A 

 
B 

 Figure 4. HOMO and LUMO surface diagrams of (A) CPD2 and (B) Etoposide.
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the steric and electrostatic features of the Mcl-1 
binding groove, consistent with the lower RMSD, 
Rg, and SASA values observed during MD 
simulations. This electronic adaptability may be 
advantageous for sustaining productive interactions 
with Mcl-1, thereby further supporting CPD2 as a 
promising computational hit for subsequent anti-
gastric-cancer investigation.

4.    CONCLUSIONS

Computational modelling assessed CPD2 as an 
Mcl-1 (6QFQ)-oriented candidate, using Etoposide 
as the reference ligand. Docking ranked CPD2 as 
the strongest binder among the tested sesquiterpene 
glycosides (-10.75 kcal/mol), exceeding Etoposide 
(-9.80 kcal/mol), with key contacts centered on 
Phe228, Met231, Val249, Met250, Val253, Leu267, 
and Phe270 and hydrogen-bond assignment to 
Arg263 and Leu267. Over 100 ns of molecular 
dynamics, the CPD2-6QFQ complex maintained a 
tighter conformational envelope, reflected in lower 
RMSD clustering (0.11-0.15 nm) and reduced, 
more stable Rg (1.42-1.44 nm) and SASA (82-
88 nm²). In contrast, Etoposide showed higher 
deviation and solvent exposure but more frequent 
hydrogen-bond events. MM/GBSA supported 
favorable association for both ligands, with closely 
comparable totals (ΔTOTAL = -28.72 ± 4.45 
kcal/mol for CPD2; -29.80 ± 10.53 kcal/mol for 
Etoposide); CPD2 was driven primarily by van 
der Waals stabilization (ΔVDWAALS = -34.96 
± 4.29 kcal/mol) with a modest solvation penalty 
(ΔGSOLV = 8.63 ± 4.93 kcal/mol). At the same 
time, Etoposide combined stronger gas-phase terms 
with a larger polar desolvation cost (ΔEGB = 37.27 
± 8.14 kcal/mol). ADMET prediction indicated 
high intestinal absorption for CPD2 (94.482%) 
despite low solubility (-5.034 log mol/L), and DFT 
suggested predicted higher electronic polarizability 
for CPD2 (EHOMO = -3.1299 eV; ΔE = 5.2502 
eV; ω = 0.0485 eV) relative to Etoposide (EHOMO 
= -8.3206 eV; ΔE = 11.1496 eV; ω = 0.6762 eV). 
Overall, convergence across docking, molecular 
dynamics, MM/GBSA, ADMET estimation, and 
DFT descriptors supports CPD2 as the leading 
in silico candidate, warranting lead-optimization 
efforts and experimental confirmation.

Taken together, these findings support CPD2 
as a prioritized in silico hit for gastric cancer 
research through potential modulation of the anti-

apoptotic protein Mcl-1. Nevertheless, in silico 
outputs represent prioritization evidence rather than 
biological proof, and experimental confirmation 
remains necessary to establish quantitative binding 
and functional impact. The present work did not 
incorporate in vitro or in vivo assays, limiting 
translational interpretation of predicted affinity, 
stability, and pharmacokinetic liabilities. Future 
studies should therefore implement biochemical 
binding measurements, gastric cancer cell-based 
assays, cellular models relevant to Mcl-1-dependent 
phenotypes, and pharmacokinetic testing to clarify 
exposure constraints suggested by the solubility-
permeability balance and transporter-related 
predictions. Additional refinement via extended 
sampling and entropy-aware free-energy methods 
may further resolve the close energetic differences 
observed between CPD2 and the reference ligand.
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Abstract: Eco-friendly and sustainable composites materials have become a topic of great interest in the development 
of structural materials. Epoxy-based materials have been widely used for their inherent properties. However, thermal 
instability and the non-biodegradability are the main drawbacks of epoxy. This study incorporates natural fillers into 
the epoxy matrix with an aim to make them partially biodegradable while enhancing their mechanical and thermal 
properties. Banana peel powder-epoxy composites and jute fiber-epoxy composites of varying concentrations as well 
as a hybrid composite comprising of their best single filler loadings were fabricated using solution casting method. 
The optimum loadings for banana peel powder composites and jute fiber composites were determined to be 20 wt.% 
and 5 wt.% respectively as the maximum tensile strength of 27 MPa and 21.64 MPa and maximum flexural strength of 
43.66 MPa and 42.06 MPa were observed respectively. The hybrid composite displayed both a higher tensile strength 
of 30.32 MPa and flexural strength of 44.5 MPa. The hardness was increased by increasing filler content up to a certain 
amount. The hybrid composite, however, displayed the lowest hardness value of 59.78 even compared to blank epoxy 
(68.11) making it more resilient and less likely to fail catastrophically. The hybrid composite also maintained an 
intermediary thermal stability among the samples. Water absorption of the hybrid composite was likewise intermediate 
but exhibited greater deterioration in soil.

Keywords: Epoxy Composite, Agro-Waste Filler, Hybrid Natural Reinforcement, Jute Fiber, Banana Peel Powder, 
Hardness.

1.    INTRODUCTION

Biodegradable composites are a class of materials 
developed through innovative and ecologically 
conscious techniques of materials engineering 
that integrate sustainability, environmental 
responsibility, and technical performance. The 
potential of these composites made up of two or 
more materials with at least one biodegradable 
component, to break down into innocuous 
components while maintaining their mechanical, 
thermal, and functional qualities has drawn interest 
from a variety of industries [1]. The accumulation 
of plastic waste and environmental deterioration can 
be addressed with the use of these biodegradable 
composites. Currently, just 9% of plastic garbage is 
recycled, and 12 billion metric tonnes are predicted 

to wind up in landfills or marine areas by 2050. 
This is because the production of plastic waste 
is expected to quadruple over the next 20 years, 
posing a serious environmental threat [2-4]. Epoxy 
polymers, accounting for 7.1% of the world’s 
plastic production in 2021, are crucial for creating 
fiber-reinforced polymers. These versatile synthetic 
polymers, known for their adhesive, mechanical, 
and electrical properties, are widely used in various 
industries. They distinguish themselves from 
conventional thermosetting polymers due to their 
unique attributes [5].

The biodegradability of epoxy resin is 
a significant issue as they can remain in the 
environment for extended periods if not handled 
properly [6]. As non-biodegradable epoxy-based 



composites worsen the problem of plastic waste; 
biodegradable composites are needed to address 
this issue [7]. Epoxy resins are often modified 
with fillers and additives like carbon nanotubes, 
plasticizers, reactive oligomeric compounds, low 
molecular weight polymers, and nanoparticles to 
enhance composite performance. Fibers, organic 
or inorganic, are crucial reinforcing elements in 
various applications [8]. Factors like fiber surface 
properties, length, modulus of elasticity, and 
material composition are essential for increasing 
tensile capacity [9]. The remarkable qualities of 
steel, glass, propylene, and carbon fibers made them 
the  focus of research. However, these synthetic 
fibers have disadvantages such as increased 
stiffness, environmental impact, scarcity, and high 
costs. There are others who argue for natural fibers 
because they are inexpensive, easily accessible, 
environmentally friendly, and can occasionally 
lessen stiffness in certain composite applications [10].

As of today, many studies have utilized several 
kinds of reinforcements within the epoxy matrix to 
produce composites with comparable if not better 
mechanical, thermal and degradation characteristics. 
Ranjan et al. [11] created biodegradable epoxy 
composites using rice straw fibers, both treated and 
untreated as reinforcement. It was observed that 
while both type of fibers had increased strength than 
blank epoxy, the composite with rice straws treated 
with NaOH yielded the maximum strength. Treated 
and untreated kenaf fibers were also introduced in 
epoxy matrices, where the composite laminate with 
NaOH alkali treated kenaf fiber yielded superior 
thermal stability and less degradation, suitable 
for aerospace and automobile applications [12]. 
Similarly, epoxy-based composite with chemically 
treated luffa fiber showed better suitability for 
medium load structural applications as opposed 
to using untreated fibers [13]. Raghav et al. [14]
extracted cellulose nanofibers from red coconut 
peduncle waste to reinforce epoxy sheets, producing 
composites with enhanced mechanical and thermal 
properties. Similarly, Yusuf et al. [15] extracted 
cellulose nanofibers albeit from a different source 
of oil palm produced epoxy-based composites with 
significantly improved mechanical properties and 
marginal decrement of thermal parameters. Several 
studies have utilized more than one reinforcement to 
produce hybrid epoxy-based composites. Shariff et 
al. [16] reinforced epoxy matrix with boron nitride 
or alumina with Millettia pinnata leaf powder and 

glass sheets. The observed increase of mechanical 
properties through this study opened the door for 
potential industrial applications of epoxy-based 
hybrid composites. Zeleke et al. [17] utilized sisal 
and glass fiber to create an epoxy hybrid composite 
that showed better mechanical strength than when 
only one of the reinforcements was introduced 
into the matrix. Arpitha et al. [18] incorporated 
sugarcane bagasse along with alumina micro 
fillers within an epoxy matrix which resulted in an 
increase in physical, thermal as well as mechanical 
properties. Ashok et al. [19] incorporated raw jute 
fibers and banana fibers in several weight ratios 
within epoxy and concluded that a 1:1 ratio of jute-
banana fiber resulted in an improved mechanical 
and thermal properties with significant reduction in 
water absorption. Another study conducted utilized 
banana fiber and glass fiber as reinforcements in 
epoxy-based hybrid composites that were deemed 
suitable for lightweight structural and automobile 
applications [20]. Moreover, a separate study 
found hybrid composites composed of hybridized 
banana, jute, glass, and carbon fiber in epoxy 
resin matrix yielded lightweight materials with 
enhanced mechanical properties that are suitable 
for high-speed vehicles [21]. Corncob bio-waste 
and boron nitride particles were also introduced 
into epoxy matrices to produced hybrid composites 
with 2 to 3 time more tensile strength, suitable 
for lightweight applications [22]. Natural fiber-
reinforced epoxy composites made from jute 
and powdered banana peels show promise in 
achieving a balance between biodegradability, 
sustainability, and performance [23].

Basalt, sisal, coconut, bagasse, hemp, jute, 
and banana peel have all been shown to improve 
the compressive and tensile strength of composite 
materials [24].  By incorporating these chopped 
natural fiber reinforcements, the composite’s 
ability to absorb energy is increased, resulting in 
the transformation of brittle materials into more 
ductile ones. Furthermore, the application of 
continuous fiber reinforcement has resulted in the 
creation of a new class of building materials with 
enhanced ductility and tensile strength [2]. As 
reinforcing agents, natural fibers fill in the gaps in 
the matrix and transfer stress into it. Furthermore, 
the development of microcracks in composite 
materials is successfully prevented [25]. The 
natural plant-based fiber that is jute, also called the 
“Golden Fiber”, is produced from the stems of the 
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Corchorus plant, which is grown readily in tropical 
places like Bangladesh and India with little fertilizer 
or pesticides [26, 27]. Biodegradable polymers and 
composites made of jute have been made possible 
by advancements in response to consumer demand 
for environmentally friendly products [28]. The 
remarkable tensile strength of jute fiber is one of 
its noteworthy features. Owing to  its well-known 
durability, it can be used in a variety of contexts, 
such as construction, packaging, and textiles. It is 
especially useful when making durable sacks and 
bags to package agricultural goods. The peel of a 
banana has many uses and advantages, ranging from 
use in cooking to sustainable practices. In order to 
improve qualities of a polymer or resin for a variety 
of applications, dried and processed banana peels 
are mixed with a matrix material to make composite 
materials. Unripe banana peels have more fiber than 
ripe bananas do. When added to the matrix, the fiber 
can improve the material’s overall performance, 
strength, durability which becomes more resilient 
to stress and deformation [1]. Because these 
peels naturally decompose over time, they lower 
pollution levels and promote a circular economy. 
Moreover, their affordability and abundance 
make this composite a cost-effective option in 
comparison to other synthetic substitutes [29].

The research aims to create biodegradable 
composites using jute fibers and banana peel powder, 
addressing the growing demand for environmentally 
friendly alternatives to traditional composites. It 
explores the use of natural fiber-reinforced epoxy 
composites, balancing engineering needs with 
environmental considerations, and contributes 
to the evolving field of materials science and 
engineering, where performance and sustainability 
can coexist.  Although various studies have been 
conducted on the individual reinforcement of 
banana peel powder or jute fiber inside an epoxy 
matrix, research on a hybrid composite including 
both fillers simultaneously, focusing not only on 
the enhancement of strength but also increasing 
durability through reduction of hardness remain 
unexplored. The purpose of this work is to first 
optimise the loading of banana peel powder and 
jute fiber powder into epoxy-based composites. 
Next, a hybrid composite with the ideal loading of 
both fillers would be fabricated, and its properties 
would be compared to those of plain epoxy and 
the individual composites.

2.    MATERIALS AND METHODS

2.1. Materials

Raw unripe bananas and raw jute collected from 
the local store were used for this study. For the 
matrix and hardener, Bisphenol A Diglycidyl Ether 
(BADGE) and diethylene triamine were used 
respectively. To make the mold, glass and aluminum 
foil were utilized while using petroleum Vaseline as 
the releasing agent.

2.2. Methodology

The process of making banana peel powder is 
given in Figure 1. Firstly, the peels were carefully 
removed from the bananas and thoroughly 
washed with distilled water to remove any dust or 
impurities. Subsequently, the banana peels were cut 
into small pieces and placed in an oven to dry for 24 
hours at 60 °C. After the drying process, the peels 
were ground into a fine powder using a grinder. The 
resulting powder was sifted through a 1 mm sieve 
net multiple times to get the desired banana peel 
powder with average particle size less than or equal 
1 mm. The process is analogous to previous similar 
studies [30, 31].

Figure 2 shows the making process of jute 
fiber. First, long jute fibers were separated from 
each other, cut into 6-inch lengths and thoroughly 
washed with distilled water. Then the jute fibers 
were treated with 1% NaOH solution, leaving them 
to soak within the solution for 1 hour, to ensure 
all fibers were fully submerged [32]. After that the 
fibers were removed from the solution and washed 
multiple times with distilled water to eliminate 
any remaining NaOH. The treated jute fibers were 
then placed in an oven and dried for 8 hours at 70 
°C. Once dried, the jute fibers were meticulously 
separated and cut into approximately 10 mm 
lengths and the jute fibers were ready for use as 
reinforcement in epoxy composites [10, 32].

A glass measuring 20 inches in length, 16 
inches in width, and 0.118 inches in thickness 
was used as the mold base. A transparent Rexene 
cloth was wiped with acetone and then affixed 
to the glass using Scotch tape. Four glass pieces, 
each 6 inches in length, 1 inch in width, and 0.236 
inches in thickness, were selected and covered with 
aluminum foil. These wrapped glass pieces were 
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securely fastened together in a rectangular shape on 
top of the base glass using scotch tape to create the 
mold. A small amount of petroleum Vaseline was 
applied to the mold as a releasing agent [33].

To prepare the blank epoxy, a ratio of 3:1 
epoxy and hardener were carefully measured, 

placed in a plastic cup and thoroughly mixed for 5 
minutes using a popsicle stick. The epoxy-hardener 
mixture was subsequently poured into the glass 
mold. To release initial bubbles within the epoxy, 
the filled mold was lightly tapped on the table. 
All remaining bubbles were carefully removed by 
blowing through a straw. After bubble removal, 

Fig. 2. Jute fiber treatment, (a) Jute fiber cut into 6 inches, (b) Washing jute, (c) Weighing NaOH, (d) Jute soaked in 
NaOH, (e) Drying in oven, and (f) Cut into 10mm.

Fig. 1. Making banana peel powder, (a) Raw unripe banana, (b) Cutting banana peel, (c) Drying in oven, (d) Dried 
banana peel, (e) Grinding of banana peel, and (f) Sieving of powder.
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the mold was left to cure for 48 hours. Once the 
curing process was completed, the solid epoxy was 
carefully removed from the mold [34].

For the preparation of banana peel powder-
based epoxy composites the measured hardener 
and epoxy were mixed as mentioned before and 
20 wt.% banana peel powder was added and mixed 
for an additional 10-15 minutes. Any bubbles that 
formed were carefully removed by blowing through 
a straw. Subsequently, the entire mixture was 
poured into a mold and cured for 48 hours. Once 
fully cured, the composite was removed from the 
mold. Similarly, composites with 25 wt.% and 30 
wt.% banana peel powder were prepared following 
the same procedure.

Again, three different weight percentages of 
5 wt.%, 6.5 wt.%, and 8 wt.% of jute fibers were 
added into the epoxy to prepare the composites. 
The epoxy-herdener mixture was prepared and 
half of the mixture was poured into the mold. Then 
the measured jute fibers (5 wt.%) were evenly 
distributed onto the epoxy layer  and the remaining 
mixture was poured on top. The rest of the procedure 
was done as mentioned before. Similarly, jute fiber- 
epoxy composites with 6.5 wt.% and 8 wt.% jute 
content were prepared. 

To fabricate the hybrid composite, combining 
banana peel powder and jute fibers, the filler 
contents were selected based on the best individual 

results observed from the banana peel powder- 
epoxy and jute fiber- epoxy composites. Based on 
the mechanical tests, the optimum compositions 
were determined to be 20 wt.% banana peel 
powder and 5 wt.% jute fiber. Initially, a mixture 
of epoxy, hardener and banana peel powder was 
prepared following the same procedure to produce 
banana peel powder- epoxy composites. Then half 
of the mixture was poured into the mold and the 
measured jute fibers were evenly distributed onto 
the composite mixture layer. The remaining mixture 
was poured into the mold, and the rest of the 
procedure was performed as mentioned as before. 
Figure 3 shows the fabricated mold, blank epoxy, 
epoxy-banana peel powder composite, epoxy-jute 
fiber composite and hybrid composite samples.

2.3. Characterization

2.3.1. Mechanical tests

To assess the mechanical properties of the 
composites, tensile test, flexural test, and Shore D 
hardness test were carried out. The flexural strength 
was measured using a universal testing machine 
(UTM, model: Instron) under a three-point loading 
condition according to ASTM D790 standard [35]. 
Tensile tests were also performed on the same UTM 
according to ASTM D3039 standard [36], with the 
samples securely held between the machine’s grips, 
and the load was applied at a cross-sectional head 
speed of 5 mm/min. These tests were conducted on 

Fig. 3. (a) Mold making, (b) Blank epoxy, (c) Epoxy-banana peel powder composite, (d) Epoxy-jute fiber composite, 
and (e) Hybrid composite.
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eight samples. Hardness was measured according to 
ASTM D2240 standard [37] using a Digital Shore 
D Durometer with a 10-second ball indentation 
time. To minimize errors, this test was repeated 
three times for each of the eight samples with the 
dimensions of 1 × 1 × 0.2 inches, and the average 
values were recorded. All tests were carried out at 
room temperature.

2.3.2. Thermal analysis

The thermal property of the composites was 
measured using TGA machine (Pyris STA 8000) 
maintaining a heating rate of 20 °C/min, reaching 
a maximum temperature of 750 °C. This test 
was conducted for four samples of blank epoxy 
composite, 20 wt.% banana peel-epoxy composite, 
5 wt.% jute fiber-epoxy composite, and hybrid 
composite containing 20 wt.% banana peel powder 
and 5 wt.% jute fibers under air atmosphere where 
a flow rate of 200mL/min was maintained. 

2.3.3. Water absorption test

Water absorption was assessed by quantifying the 
weight increase of composite specimens while 
immersing in water at ambient temperature, 
following the standard procedure outlined in 
ASTM D570 [38]. The water absorption test was 
conducted on four samples that were mentioned 
in the TGA test. For this evaluation, freshly cut 
samples of appropriate dimensions (1 × 1 inch) 
with a thickness of 0.2 inch were used as well 
as the corners of each sample were made to be 
curved for ensuring uniform water diffusion. The 
process involved measuring the initial weight of the 
samples using a precision weight balance machine. 
These samples were then submerged in a water bath 
maintained at an ambient temperature for 24 hours. 
After that the samples were carefully removed, 
dried using absorbent paper to eliminate the excess 
surface moisture, and reweighted. The weight gain 
of each sample, expressed as an increase in weight 
percentage, was calculated using Equation (1).

	
		  (1)
2.3.4. Soil burial test

The biodegradability of epoxy composite samples 
was observed through a simple soil burial test, 

simulating the natural biodegradation of this 
composite. This test was conducted according 
to [39] with some minor modifications for the 
four samples mentioned in TGA test. Four 1000 
ml beakers with equal diameters were taken and 
filled with grey-colored soil from the garden. The 
pH of the soil was maintained at 7-7.5. The soil 
in the beakers was properly blended, and epoxy 
composites of uniform rectangular dimensions 
were placed in the middle of each beaker at a depth 
of 2 inches. Before being placed in the soil, the 
initial weight of each composite was measured 
with the help of a weight balance. The beakers 
were numbered separately for each sample. High 
relative humidity was maintained in the soil by 
regularly sprinkling water. The test was performed 
at an ambient temperature. The samples were first 
removed after 7 days, gently washed with water 
to remove adhered soil from their surfaces and 
weighed using a weight balance. Weight loss was 
calculated by employing Equation (2).

	
			   (2)

In the same way, the samples were subjected to the 
test process for 14 days and 21 days, and weight 
loss was calculated. Weight loss of the sample 
concerning time was recorded as a measure of their 
biodegradation. 

3.    RESULTS AND DISCUSSION

3.1. Tensile Test

Tensile properties of prepared composite material 
are exhibited in Figure 4. The filler contents were 
determined through trial and error  as well 
as  comparative analysis with similar studies [30, 
40]. The prepared epoxy-banana peel powder 
composites (20, 25, and 30 wt.%) along with the 
epoxy-jute fiber composites (5, 6.5, and 8 wt.%) were 
initially subjected to tensile testing to optimize their 
loading into epoxy- based composites. The graph 
revealed that the tensile strength of the composites 
decreased with the increase of fiber. The highest 
tensile strength of epoxy-banana peel powder 
composites was achieved at 20 wt.% reinforcement 
at 27 MPa. The tensile strength was reduced further 
to 24.27 MPa with a 25 wt.% addition of banana 
peel powder, and it was lowest at 18.41 MPa with 
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a 30 wt.% addition of banana peel powder. The 
findings are in accordance to similar systems [30].

Similarly, for jute fiber-reinforced epoxy 
composites, the highest tensile strength was at 5 
wt.% addition of jute fiber at 21.64 MPa, which 
reduced further to 16.79 MPa with 6.5 wt.% 
addition of jute fiber, the lowest being 14.42 MPa 
with reinforcement of 8 wt.% jute fiber. After 
reinforcing with banana peel powder and jute 
fiber, the optimum value of tensile strength was 
obtained at 20 wt.% for the banana peel powder-
reinforced epoxy composites and at 5 wt.% for 
the jute fiber-reinforced epoxy composites. The 
hybrid composite containing both 20 wt.% for 
the banana peel powder and 5 wt.% for the jute 
fiber had a higher tensile strength of 30.32 MPa. 
Similar studies show the hybrid composites having 
superior tensile properties than single filler-based 
composites [41, 42]. However, it was found that 
the maximum tensile strength was obtained in the 
blank epoxy.

The tensile strength of a composite decreases 
with increasing fiber loading due to factors such as 
fiber clustering, poor adhesion between the fibers and 
the matrix, fiber misalignment, and reduced matrix 
contribution. Firstly, as fiber loading increases, 
fibers may begin to cluster or agglomerate, creating 
stress concentration points within the composite, 
potentially leading to premature failure. Secondly, 
inadequate adhesion between the fibers and the 

matrix can occur at high fiber loadings, weakening 
the matrix’s ability to efficiently transfer stress 
to the fibers. Thirdly, maintaining a well-aligned 
fiber structure becomes challenging at high fiber 
loadings, and misaligned fibers cannot effectively 
contribute to load-bearing, resulting in reduced 
strength. Finally, when the fiber content is very high, 
the matrix material’s contribution to load-bearing 
decreases significantly as the matrix becomes a 
smaller proportion of the composite. If the matrix 
itself is weak, this can further decrease the overall 
tensile strength [43, 44].

In the case of the hybrid composite, the higher 
tensile strength can be due to several factors. The 
presence of both the banana peel powder as well as 
jute fiber prevented the movement and deformation 
of the polymer chains. The reduction of voids, and 
therefore, a better adhesion between the matrix 
and fillers resulted in an improved load transfer 
of the fillers into the matrix [45, 46]. Moreover, 
the jute fibers improve the strength and toughness 
of the composite when cracks and subsequently, 
debonding between the filler-matrix interface occur, 
they keep the upper and lower part of the crack 
joined together due to the phenomenon known as 
“fiber bridging” [46, 47]. 

3.2. Flexural Test

Figure 5 illustrates the flexural strength of banana 
peel powder and jute fiber reinforced epoxy 

Fig. 4. Tensile strength of epoxy and epoxy-based composites.
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composites at various fiber loadings compared 
to blank epoxy. The prepared epoxy-banana peel 
powder composites (20, 25, and 30 wt.%) as well 
as the epoxy-jute fiber composites (5, 6.5, and 8 
wt.%) were initially subjected to flexural testing 
only to optimize their loading into the epoxy-based 
composites. Similar to the tensile strength, the 
flexural strength of the composites also showed a 
decline with the increase of fiber content.

The maximum flexural strength of epoxy-
banana peel powder composites was achieved at 
20 wt.% reinforcement at 43.66 MPa. The flexural 
strength was reduced further to 27.73 MPa with 
a 25 wt.% addition of banana peel powder, and it 
was lowest at 24.56 MPa with a 30 wt.% addition 
of banana peel powder. Similarly, for jute fiber-
reinforced epoxy composites, the highest flexural 
strength was at 5 wt.% addition of jute fiber at 42.06 
MPa, which reduced further to 26.25 MPa with 6.5 
wt.% addition of jute fiber, the lowest being 11.09 
MPa with reinforcement of 8 wt.% jute fiber. Hence, 
the optimum value of tensile strength was obtained 
at 20 wt.% for the banana peel powder-reinforced 
epoxy composites and at 5 wt.% for the jute fiber-
reinforced epoxy composites. The hybrid composite 
containing both 20 wt.% for the banana peel powder 
and 5 wt.% for the jute fiber had a small increase 
in flexural strength to 44.5 MPa, which is greater 
than any of the single filler-based composites; 
this is in accordance to similar studies [41]. 

However, again it was found that the maximum 
flexural strength was obtained in the blank epoxy 
composite due to the strong adhesion between epoxy 
and hardener. With fiber loading adhesion between 
epoxy and hardener will be less. So, tensile strength 
and flexural strength both are decreased with fiber 
loading. At higher fiber content, a weak interface 
was created due to the increase in fiber-to-fiber 
interactions, the fibers not being perfectly aligned 
with matrix, voids, and dispersion problems [48].

The increased flexural strength of the hybrid 
composite may be the result of the same causes that 
increased the tensile strength. The polymer chains 
were stopped from moving and deforming by the 
presence of both jute fiber and banana peel powder. 
Stress transmission from the matrix to the fillers was 
enhanced as a result of the decrease in voids and 
increased adhesion between the matrix and fillers 
[45, 46]. Additionally, the jute fibers strengthen and 
toughen the composite through “fiber bridging” 
[46, 47].

3.3. Hardness Test

Figure 6 shows the hardness of banana peel powder 
and jute fiber reinforced epoxy composites at 
various fiber loadings compared to blank epoxy. 
It can be observed that the hardness increased up 
to a certain percentage with fiber loading for both 
banana peel powder and jute fiber reinforced epoxy 
composites, then began to decrease. Incorporation 

Fig. 5. Flexural strength of epoxy and epoxy-based composites.
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of fiber into the matrix reduced the flexibility of 
the matrix resulting in more rigid composites. The 
addition of 20 wt.% banana peel powder and 5 
wt.% jute fiber individually resulted in increased 
hardness values from 68.1 for blank epoxy to 76.83 
and 70.17 respectively. 

Due to the increase of stiffness of respective 
composite, the hardness of the composites showed 
a slight increasing trend with an increase in the 
fiber content as higher hardness values were 
observed for both 25 wt.% banana peel powder 
and 6.5 wt.% with 81.23 and 71.89 respectively. 
Better dispersion of the filler into the matrix with 
minimization of voids between the matrix and 
the filler also enhanced hardness. So, with fiber 
loading increased, average hardness also slightly 
increased [43]. However, as excessive fiber loading 
may lead to agglomeration or alignment issues, 
the effectiveness of reinforcement was reduced. 
Additionally, it could be due to a change in the 
material’s overall structural integrity or other factors 
affecting its mechanical properties [49]. Hence, the 
hardness value for the 30 wt.% banana peel powder 
reinforced epoxy composite was reduced to 78.39. 
However, for 8.5 wt.% jute fiber reinforcement, the 
hardness value still increased to 75.22, indicating a 
better dispersion of the fibers within the matrix with 
minimization of voids.

The hardness value for the hybrid (20 wt.% 
banana peel powder + 5 wt.% jute fiber) composite 

was found to be 59.78. Since the tensile and 
flexural strengths of the hybrid composite increased 
compared to those of the banana-epoxy and jute-
epoxy composites, the hardness was expected to 
decrease as strong and ductile fibers can enhance 
tensile strength but may simultaneously reduce 
the composite’s hardness due to their increased 
susceptibility to localized deformation. Similar 
studies correlate the decrease of hardness to 
increased porosity and water absorption of the 
natural fibers which causes deterioration of the 
surface integrity and reduces the rigidity of the 
matrix [50]. Moreover, the weak interfacial wetting 
with increased fiber loadings has a softening effect 
on the composites as alluded in other similar 
systems [51]. The reduced hardness of the hybrid 
polymer composite enhances its toughness and 
decreases the probability of catastrophic failure, 
aligning with prior research on epoxy composites 
containing natural and particulate fillers [52].

3.4. Thermal Analysis

Thermal study was observed through TGA curves 
which indicate the weight loss of the composites 
in relation to rising temperature. For blank epoxy, 
a two step degradation is observed with the the 
onset thermal degradation beginning at around 
275 °C as can be observed from Figure 7(a). This 
could be attributed to the depolymerization of the 
macromolecular network of epoxy resin while the 
latter could be due to further degradation of the 

Fig. 6. Hardness of epoxy and epoxy-based composites.
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carbon residue through oxidation at around 375 °C 
to 445 °C. The composites on the other hand showed 
one-step degradation curves as the fillers protected 
the epoxy resin from oxidation [53]. An initial 
weight loss can be observed before reaching the 
onset degradation temperature due to evaporation 
of moisture from the surface after which, the main 
weight loss could be attributed to the degradation and 
volatilization of the fillers and matrix. These findings 
are in accordance with similar studies [53, 54].

At lower temperatures, the composites 
experienced greater weight loss than the blank 
epoxy. The weight loss at 300 °C for blank 
epoxy was 7.12% while the weight loss for the 
composites were 13.56%, 21.22% and 31.22% for 
20 wt.% BPP reinforced epoxy, hybrid epoxy and 
5 wt.% jute fiber reinforced epoxy respectively. 
However at higher temperatures, the blank epoxy 
faced significantly more weight loss, leaving less 
char residue. At 500 °C, the weight loss for blank 
epoxy was 85.19% while the weight loss for the 
composites were 71.83%, 72.96% and 73.78% for 
20 wt.% BPP reinforced epoxy, hybrid epoxy and 5 
wt.% jute fiber reinforced epoxy respectively.

From the DTG curve, it can be observed that 
epoxy-based composites had lower onset as well 
as maximum degradation temperatures compared 
to blank epoxy as shown in Figure 7(b). However, 
while the blank epoxy exhibited a secondary 
degradation period between 375 °C to 445 °C due 
to oxidation, the composites showed no reactions. 
Table 1 compares the onset degradation and 
maximum degradation temperatures of the selected 
samples.

From the Figure 7 it is evident that the 
reinforcement in the epoxy composites initially 
experienced a greater weight loss but demonstrated 
more resistance to degradation at higher temperatures 
compared to the epoxy blank composite. Notably, 

the hybrid composite comprising 20 wt.% banana 
peel powder and 5 wt.% jute fiber displays a 
distinct weight loss curve that falls between the 
curves of the individual composites containing 20 
wt.% banana peel powder and 5 wt.% jute fibers. 
This behavior can be attributed to the presence of 
treated jute fibers within the hybrid composite, 
which results in less degradation [55]. 

Sample Onset degradation
temperature (°C)

Maximum degradation
temperature (°C)

Blank Epoxy 275.42 342.34
20 wt.% BPP Reinforced Epoxy 200.22 311.04
5 wt.% Jute Fiber reinforced Epoxy 240.68 332.55
Hybrid Epoxy 225.54 326.94

Table 1. Degradation temperatures of epoxy and epoxy-based composites.

Fig. 7. Thermal analysis results of epoxy and epoxy-
based composites (a) TGA and (b) DTG.
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3.5. Water Absorption Test

Biodegradable composites are designed to break 
down when exposed to environmental conditions, 
including moisture. Water absorption is a crucial 
step in the degradation process of biodegradable 
materials. As water penetrates the composite, it can 
initiate hydrolysis that breaks down the polymer 
chains leading to eventual degradation. The rate 
at which water is absorbed can vary depending on 
factors such as the type of biodegradable polymer 
and the composite’s structure. Faster water 
absorption can lead to quicker biodegradation, which 
may be desirable in specific applications [56, 57]. 

The water absorption behavior of all four 
specimens was determined in terms of weight 
increase for composite specimen immersed in water 
at room temperature for 24 hours [58]. From Figure 
8, it can be observed that the water absorption of 
the blank epoxy composite is nearly zero as the 
matrix material is hydrophobic, which restricts the 
interaction of the water molecules [34].

On the other hand, both the 20 wt.% banana 
peel powder-reinforced composite and the 5 wt.% 
jute fiber reinforced composite have higher water 
absorption compared to the blank epoxy composite, 
as the fillers are hygroscopic in nature, meaning they 
have a natural affinity to absorb moisture from the 
environment. This hygroscopic behavior can lead to 
increased water absorption in the composite. This is 
in accordance to similar studies [59]. However, the 
20 wt.% banana peel powder-reinforced composite 
had the highest water absorption as the banana peel 

powder was non- treated while the jute fiber was 
treated [56]. Moreover, the water absorption of the 
hybrid composite was intermediate of the banana 
peel powder reinforced composite the jute fiber 
reinforced composite [34].

3.6. Soil Burial Test

Soil burial degradation tests were carried out by 
sandwiching the polymer films between two layers 
of commercial soil to simulate soil degradation 
after their use lifetime. Figure 9 illustrates 
the increasing weight loss values of different 
composites with time. This test was conducted to 
assess the biodegradability of the composite under 
both ideal and practical environmental conditions. 
While the presence of jute fiber and banana peel 
powder in the matrix may contribute significantly 
to the biodegradation of these composites, it’s 
important to note that epoxy resin itself is not 
biodegradable. While the weight of the blank epoxy 
sample remained nearly unchanged throughout the 
burial period, the proportion of weight loss in the 
other test samples increased with time [60]. The 
increased weight loss with increasing filler content 
is consistent with similar systems [61].

Initially, the weight loss of the composites 
occurred at a gradual rate. However, after 7 days, 
a rapid weight loss was observed in the samples. 
This increased weight loss was likely due to various 
factors, including the presence of soil particles, 
moisture, and humidity in the environment [62]. 
The chemical components, such as cellulose, 
hemicellulose, and lignin, present in natural fibers, 

Fig. 8. Water absorption test of epoxy and epoxy-based composites.
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promoted microbial activity in the composites 
during the soil burial test, ultimately resulting in 
their weight loss. Additionally, the hydrophilic 
nature of both banana peel powder and jute fiber 
may have played a significant role. The hydrophilic 
nature of these components tends to absorb 
moisture, causing them to swell within the polymer 
matrix. This swelling can lead to the formation of 
microcracks within the composite material. These 
microcracks provide pathways for external factors, 
such as moisture and microbes, to penetrate and 
interact with the composite. As these microcracks 
develop and expand, they create conditions that are 
conducive to the degradation process. Microbes and 
other factors can access the polymer matrix more 
readily through these openings, which can accelerate 
the degradation process. Importantly, while the 
formation of microcracks may enhance the rate 
of degradation, it does not fundamentally alter the 
overall mechanism of composite degradation [63].

In comparison to other composites, the 
biodegradability of the hybrid (20 wt.% banana peel 
powder and 5 wt.% jute fiber) epoxy composite is 
higher, and there is no degradation observed in the 
blank epoxy. Therefore, after its useful lifetime, 
disposing of the hybrid composite will result in 
relatively rapid degradation, with a somewhat 
reduced environmental impact.

4.    CONCLUSIONS

This study aimed to create epoxy composites using 
banana peel powder and alkali-treated jute fiber. 
Different weight percentages of reinforcements 

were used; (20 wt.%, 25 wt.%, and 30 wt.% banana 
peel powder) and (5 wt.%, 6.5 wt.%, and 8 wt.% 
treated jute fiber). The tensile and flexural strength 
of the composites decreased due to fiber clustering, 
poor adhesion, fiber misalignment, and reduced 
matrix contribution. It was found that the highest 
tensile and flexural strength of the composites were 
achieved with 20 wt.% banana peel powder (27 MPa 
and 43.66 MPa) and 5 wt.% jute fiber (21.64 MPa 
and 42.06 MPa). These optimum loadings (20 wt.% 
banana and 5 wt.% jute) were incorporated into the 
epoxy matrix to produce a hybrid composite that 
displayed superior mechanical properties than the 
single-filler composites, with tensile and flexural 
strength of 30.32 MPa and 44.5 MPa. Moreover, the 
hybrid composite had a hardness value of 59.78 due 
to increased porosity and water absorption of the 
natural fibers, which is significantly less than the 
other composites and even the blank epoxy. Hence, 
it exhibited greater non-brittleness, resilience, 
and reduced risk of failure. The thermal analysis 
showed that the composites initially experienced 
greater weight loss compared to blank epoxy but 
demonstrated more resistance to degradation at 
higher temperatures as the fillers protected the 
epoxy resin from oxidation. The hybrid composite 
displayed a weight loss curve between the individual 
composite curves, indicating that the treatment of 
jute fiber resulted in less degradation compared to 
untreated banana peel powder. Similar trends were 
also observed in water absorption and soil burial 
tests. Therefore, the hybrid composite balances 
thermal stability and partial biodegradability while 
maintaining optimal mechanical properties, which 
could be a promising eco-friendly alternative to 

Fig. 9. Soil degradation of epoxy and epoxy-based composites.
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pure epoxy thermosets in structural applications 
such as automotive, construction and packaging.

5.    FUNDING

The authors received no financial support for the research 
authorship and/or publication of this article.

6.    DATA AVAILABILITY

The datasets used and/or analysed during the current 
study are available from the corresponding authors.

7.    CONFLICT OF INTEREST

The authors declare no conflict of interest.

8.    ETHICAL STATEMENT

This work does not include any studies involving human 
or animal subjects.

9.    DECLARATION

We confirm that the results in this manuscript are 
original and it has not been published elsewhere nor is 
it under consideration by another journal. All authors 
have approved the manuscript and agree that in case the 
article is accepted for publication, its copyright will be 
assigned to the Pakistan Academy of Sciences. Authors 
have obtained permission to reproduce, where needed, 
copyrighted material from other sources and ensured 
that no copyrights have been infringed upon.

10.    REFERENCES

1.	 K. Papadopoulou, P.A. Klonos, A. Kyritsis, O. 
Mašek, C. Wurzer, K. Tsachouridis, A.D. Anastasiou, 
and D.N. Bikiaris. Synthesis and Study of Fully 
Biodegradable Composites Based on Poly (butylene 
succinate) and Biochar. Polymers 15(4): 1049 
(2023). https://doi.org/10.3390/polym15041049

2.	 X. Zhou, S.H. Ghaffar, W. Dong, O. Oladiran, 
and M. Fan. Fracture and impact properties of 
short discrete jute fibre-reinforced cementitious 
composites. Materials and Design 49: 35-47 (2013). 
https://doi.org/10.1016/J.MATDES.2013.01.029

3.	 M.G. Kibria, N.I. Masuk, R. Safayet, H.Q. Nguyen, 
and M. Mourshed. Plastic Waste: Challenges 
and Opportunities to Mitigate Pollution and 
Effective Management. International Journal of 
Environmental Research 17: 20 (2023). https://doi.

org/10.1007/s41742-023-00507-z
4.	 United Nations Development Programme. Zero 

Plastic: Study of Plastic Waste in the Republic of 
Moldova. UNDP Moldova, (2023). https://www.
undp.org/moldova/publications/study-plastic-
waste-republic-moldova 

5.	 T.D. Ngo. Introduction to Composite Materials 
(Chapter 1). In: Composite and Nanocomposite 
Materials - From Knowledge to Industrial 
Applications. T.D. Ngo (Ed.). IntechOpen pp. 1-27 
(2020). https://doi.org/10.5772/intechopen.91285

6.	 A.P. Singh. Strength and permeability 
characteristics of steel fibre reinforced concrete. 
International Journal of Civil and Environmental 
Engineering 7(10): 733-738 (2013). https://
www.semanticscholar.org/paper/Strength-and-
Permeability-Characteristics-of-Steel-Singh/31af21
39d7a91afaa63bc3a929ffff5ede93d326

7.	 G. Ramakrishna and T. Sundararajan. Impact 
strength of a few natural fibre reinforced cement 
mortar slabs: A comparative study. Cement and 
Concrete Composites 27: 547-553 (2005). https://
doi.org/10.1016/j.cemconcomp.2004.09.006

8.	 T.A. Branca, V. Colla, D. Algermissen, H. 
Granbom, U. Martini, A. Morillon, R. Pietruck, and 
S. Rosendahl. Reuse and Recycling of By-Products 
in the Steel Sector: Recent Achievements Paving the 
Way to Circular Economy and Industrial Symbiosis 
in Europe. Metals 10(3): 345 (2020). https://doi.
org/10.3390/met10030345

9.	 F.A. Silva, B. Mobasher, and R.D.T. Filho. Cracking 
mechanisms in durable sisal fiber reinforced cement 
composites. Cement and Concrete Composites 
31(10): 721-730 (2009). https://doi.org/10.1016/J.
CEMCONCOMP.2009.07.004

10.	 J. Ahmad, M.M. Arbili, A. Majdi, F. Althoey, A.F. 
Deifalla, and C. Rahmawati. Performance of concrete 
reinforced with jute fibers (natural fibers): A review. 
Journal of Engineered Fiber Fabrics 17: 1-17 (2022). 
https://doi.org/10.1177/15589250221121871

11.	 C. Ranjan, Z. Ahmed, S.R. Kumar, A. Kumar, A. 
Kumar, and K. Kumar. Fabrication and strength 
analysis of rice straw fibers reinforced epoxy 
biodegradable composite. Materials Today: 
Proceedings 46: 331-335 (2021). https://doi.
org/10.1016/J.MATPR.2020.08.299

12.	 N.D. Muralidharan, J. Subramanian, S.K. 
Rajamanickam, and V. Gopalan. An experimental 
investigation of flame retardancy and thermal 
stability of treated and untreated kenaf fiber 
reinforced epoxy composites. Journal of Polymer 
Engineering 43(10): 865-874 (2023). https://doi.

	 Epoxy Composites Reinforced with Banana Peel Powder and Jute Fiber	 29



org/doi:10.1515/polyeng-2023-0128
13.	 B.N. Sharath, T.G.Y. Gowda, P. Madhu, C.B.P. 

Kumar, N. Jain, A. Verma, M.R. Sanjay, and S. 
Siengchin. Fabrication of raw and chemically 
treated biodegradable Luffa aegyptica fruit fibre-
based hybrid epoxy composite: a mechanical and 
morphological investigation. Biomass Conversion 
and Biorefinery 15: 8473-8486 (2025). https://doi.
org/10.1007/s13399-024-05570-w

14.	 G.R. Raghav, R.A. Kumar, N.K. Jawaharlal, 
C. Vignesh, F. Sahayaraj Arockiasamy, and E. 
Syafri. Effect of Cellulose Nanofibers from Red 
Coconut Peduncle Waste as Reinforcement in 
Epoxy Composite Sheets. Cellulose Chemistry and 
Technology 57(7-8): 855-866 (2023). https://doi.
org/10.35812/cellulosechemtechnol.2023.57.75

15.	 J. Yusuf, S.M. Sapuan, U. Rashid, R. A. Ilyas, 
and M.R. Hassan. Thermal, mechanical, and 
morphological properties of oil palm cellulose 
nanofibril reinforced green epoxy nanocomposites. 
International Journal of Biological Macromolecules 
278(3): 134421 (2024). https://doi.org/10.1016/J.
IJBIOMAC.2024.134421

16.	 M.M. Shariff, G.R. Arpitha, N. Jain, U. Shankar, A. 
Verma, and N.D. Shivakumar. A comparative study 
on the effect of reinforcing boron nitride/alumina 
in epoxy-based hybrid composite with Millettia 
pinnata leaf powder and glass sheets: Experimental 
fabrication, mechanical and micro-structural 
characterization. Hybrid Advances 4: 100095 (2023). 
https://doi.org/10.1016/J.HYBADV.2023.100095

17.	 A. Zeleke and H.S. Gebremedhen. Characterization 
of Sisal-Glass Fiber Reinforced Epoxy Hybrid 
Composite. 8th EAI International Conference, 
ICAST 2020, Proceedings, Part II, (October 2nd - 4th, 
2020), Bahir Dar, Ethiopia (2021). http://dx.doi.
org/10.1007/978-3-030-80618-7_23

18.	 G.R. Arpitha, H. Mohit, P. Madhu, and A. 
Verma. Effect of sugarcane bagasse and alumina 
reinforcements on physical, mechanical, and thermal 
characteristics of epoxy composites using artificial 
neural networks and response surface methodology. 
Biomass Conversion and Biorefinery 14(11): 12539-
12557 (2024). https://doi.org/10.1007/s13399-023-
03886-7 

19.	 K.R. Ashok, K.A. Ramesh, S. Durairaj, and R.C. 
Sakthi. Morphological and mechanical evaluation 
of epoxy hybrid composites reinforced with banana 
and jute cellulose. Journal of Mechanical Science 
and Technology 40: 455-461 (2026). https://doi.
org/10.1007/s12206-025-1237-7

20.	 G.R. Arpitha, N. Jain, and A. Verma. Banana 

biofiber and glass fiber reinforced hybrid composite 
for lightweight structural applications: mechanical, 
thermal, and microstructural characterization. 
Biomass Conversion and Biorefinery 14(11): 12589-
12598 (2024). https://doi.org/10.1007/s13399-023-
04300-y

21.	 M.A. Based. Extraction of banana fiber and 
characterization analysis of hybrid (banana, jute, 
carbon and glass) reinforced composite materials. 
Results in Materials 28: 100803 (2025). https://doi.
org/10.1016/j.rinma.2025.100803

22.	 G.R. Arpitha, N. Jain, A. Verma, and M. 
Madhusudhan. Corncob bio-waste and boron 
nitride particles reinforced epoxy-based composites 
for lightweight applications: fabrication and 
characterization. Biomass Conversion and 
Biorefinery 14(11): 12531-12538 (2024). https://
doi.org/10.1007/s13399-022-03717-1

23.	 P. Agrawal, A.K. Kundu, D. Purohit, P. Sahu, N. 
Gautam, A. Sharma, and V. Patil. A review paper of 
composite materials: advantages and applications. 
International Journal of Advances in Engineering 
and Management 4: 369 (2022). https://doi.
org/10.35629/5252-0411369370

24.	 H. Jamshaid, R.K. Mishra, A. Raza, U. Hussain, 
M.L. Rahman, S. Nazari, V. Chandan, M. Muller, and 
R. Choteborsky. Natural cellulosic fiber reinforced 
concrete: influence of fiber type and loading 
percentage on mechanical and water absorption 
performance. Materials 5(3): 874 (2022). https://
doi.org/10.3390/ma15030874

25.	 M.S. Islam and S.J. Ahmed. Influence of jute fiber 
on concrete properties. Construction and Building 
Materials 189: 768-776 (2018). https://doi.
org/10.1016/J.CONBUILDMAT.2018.09.048

26.	 M.R. Islam, M.M. Kamal, M.R. Kabir, M.M. Hasan, 
A.R. Haque, and S.M.K. Hasan. Phenolic compounds 
and antioxidants activity of banana peel extracts: 
Testing and optimization of enzyme-assisted 
conditions. Measurement: Food 10: 100085 (2023). 
https://doi.org/10.1016/J.MEAFOO.2023.100085

27.	 K.Z.M.A. Motaleb, A. Ahad, G. Laureckiene, and 
R. Milasius. Innovative Banana Fiber Nonwoven 
Reinforced Polymer Composites: Pre- and Post-
Treatment Effects on Physical and Mechanical 
Properties. Polymers 13(21): 3744 (2021). https://
doi.org/10.3390/polym13213744

28.	 J. Zhang, H. Dong, L. Tong, L. Meng, Y. Chen, and 
G. Yue. Investigation of curing kinetics of sodium 
carboxymethyl cellulose/epoxy resin system by 
differential scanning calorimetry. Thermochimica 
Acta 549: 63-68 (2012). https://doi.org/10.1016/J.

30	 Basak et al



TCA.2012.09.015
29.	 G.A. Sabirova, R.R. Safin, N.R. Galyavetdinov, and 

A.R. Shaikhutdinova. Research of biodegradable 
wood completed composite materials based on 
polylactide.  Journal of Physics: Conference 
Series 1399(4): 044117 (2019). https://doi.
org/10.1088/1742-6596/1399/4/044117

30.	 A.L. Naidu, D. Raghuveer, and P. Suman. Studies 
on characterization and mechanical behavior 
of banana peel reinforced epoxy composites. 
International Journal of Scientific & Engineering 
Research 4(6): 844-851 (2013). https://www.
researchgate.net/publication/344151239_Studies_
on_Characterization_and_Mechanical_Behavior_
of_Banana_peel_Reinforced_Epoxy_Composites

31.	 A. Kumar, S. Kumar, D. Kumar, V.K. Mahakur, and 
S. Bhowmik. Utilization of banana peel as bio-filler 
to develop bio-composite materials and characterize 
their physical, mechanical, thermal, and tribological 
characteristics. Polymer Bulletin 81: 16175-16196 
(2024). https://doi.org/10.1007/s00289-024-
05464-x

32.	 X. Liu. Surface modification and micromechanical 
properties of jute fiber mat reinforced 
polypropylene composites. Express Polymer 
Letters 1: 299-307 (2007). https://doi.org/10.3144/
expresspolymlett.2007.43

33.	 M. Kumar, A. Sachdeva, S. Singh, and A.P. 
Singh. Prediction of Mechanical Properties and 
Morphological Characterization of the Reinforced 
Hybrid Natural Fiber Polymer Composites 
using the Bidirectional Sisal Fiber and Woven 
Jute. International Journal of Mechanical 
Engineering 5(5): 27-31 (2018). https://doi.
org/10.14445/23488360/IJME-V5I5P105

34.	 M. Boopalan, M. Niranjanaa, and M.J. Umapathy. 
Study on the mechanical properties and thermal 
properties of jute and banana fiber reinforced epoxy 
hybrid composites. Composites Part B: Engineering 
51: 54-57 (2013). https://doi.org/10.1016/J.
COMPOSITESB.2013.02.033

35.	 Test methods for flexural properties of unreinforced 
and reinforced plastics and electrical insulating 
materials ASTM International, West Conshohocken, 
PA (2017). https://doi.org/10.1520/D0790-17

36.	 Standard test method for tensile properties of 
polymer matrix composite materials. ASTM 
International, West Conshohocken, PA (2014). DOI: 
10.1520/D3039_D3039M-08

37.	 Test method for rubber property-durometer 
hardness. ASTM International, West Conshohocken, 
PA (2015). DOI: 10.1520/D2240-15R21

38.	 Test method for water absorption of plastics. ASTM 
International, West Conshohocken, PA (2022). 
https://doi.org/10.1520/D0570-22

39.	 R. Kumar, M. Yakubu, and R. Anandjiwala. 
Biodegradation of flax fiber reinforced poly lactic 
acid. Express Polymer Letters 4(7): 423-430 (2010). 
https://doi.org/10.3144/expresspolymlett.2010.53

40.	 M.K. Gupta, R.K. Srivastava, and H. Bisaria. 
Potential of jute fibre reinforced polymer 
composites: a review. International Journal of 
Fiber and Textile Research 5: 30-38 (2015). https://
www.researchgate.net/publication/282073854_
Potential_of_Jute_Fibre_Reinforced_Polymer_
Composites_A_review

41.	 B. Sandeep, H.N. Divakar, and K.S. Keerthiprasad. 
Coupling strength and synergy: exploring the 
mechanical properties of epoxy hybrid composites 
with s-glass and basalt fibers. Scholars International 
Journal of Chemistry and Material Sciences 7: 45-
59 (2024). DOI: 10.36348/sijcms.2024.v07i05.001

42.	 N. Saba and M. Jawaid. Epoxy resin based hybrid 
polymer composites. Hybrid Polymer Composite 
Materials: Properties and Characterisation pp. 
57-82 (2017). https://doi.org/10.1016/B978-0-08-
100787-7.00003-2

43.	 M.R. Rahman, M.M. Huque, M.N. Islam, and 
M. Hasan. Improvement of physico-mechanical 
properties of jute fiber reinforced polypropylene 
composites by post-treatment. Composites Part 
A: Applied Science and Manufacturing 39(11): 
1739-1747 (2008). https://doi.org/10.1016/J.
COMPOSITESA.2008.08.002

44.	 M. Haque, N. Islam, M. Huque, M. Hasan, S. Islam, 
and S. Islam. Coir Fiber Reinforced Polypropylene 
Composites: Physical and Mechanical Properties. 
Advanced Composite Materials 19(1): 91-
106 (2010). https://doi.org/10.1163/09243040
9X12530067339325

45.	 T. Yokozeki, Y. Iwahori, and S. Ishiwata. Matrix 
cracking behaviors in carbon fiber/epoxy 
laminates filled with cup-stacked carbon nanotubes 
(CSCNTs). Composites Part A: Applied Science 
and Manufacturing 38: 917-924 (2007). https://doi.
org/10.1016/j.compositesa.2006.07.005

46.	 S. Dehrooyeh, M. Vaseghi, M. Sohrabian, and 
M. Sameezadeh. Glass fiber/Carbon nanotube/
Epoxy hybrid composites: Achieving superior 
mechanical properties. Mechanics of Materials 
161: 104025 (2021). https://doi.org/10.1016/j.
mechmat.2021.104025

47.	 K.G. Dassios. A review of the pull-out 
mechanism in the fracture of brittle-matrix-fibre-

	 Epoxy Composites Reinforced with Banana Peel Powder and Jute Fiber	 31



reinforced composites. Advanced Composites 
Letters 16(1): 17-24 (2007). https://doi.
org/10.1177/096369350701600102 

48.	 M. Davindrabrabu, P.S. Januar, B. Dandi, M.R. 
Mohd Ruzaimi, and T. Cionita. Effect of fibre 
loading on the flexural properties of natural fibre 
reinforced polymer composites. Applied Mechanics 
and Materials 695: 85-88 (2014). https://doi.
org/10.4028/www.scientific.net/AMM.695.85

49.	 S. Siddika, F. Mansura, and M. Hasan. Physico-
mechanical properties of jute-coir fiber reinforced 
hybrid polypropylene composites. International 
Journal of Chemical, Molecular, Nuclear, Materials 
and Metallurgical Engineering 7(1): 60-64 (2013). 
https://doi.org/10.5281/zenodo.1328564

50.	 H.M. Khdier, W.M. Salih, A.H. Ali, and K.A.F. 
Husham. Comparative study between properties 
of composite polymer blend reinforced within two 
kinds of natural fibers. Journal of Materials Science: 
Materials in Engineering 21: 10 (2026). https://doi.
org/10.1186/s40712-025-00368-8

51.	 B. Neher, M.M.R. Bhuiyan, H. Kabir, M.R. Qadir 
and M.A. Gafur, and F. Ahmed. Study of mechanical 
and physical properties of palm fiber reinforced 
acrylonitrile butadiene styrene composite. Materials 
Sciences and Applications 5(1): 39-45 (2014). 
https://doi.org/10.4236/msa.2014.51006

52.	 S.C.D. Sharma, P.B. Nishan, M.M. Islam, and 
A.M. Hossain. Study of Mechanical Properties of 
Glass Fiber Reinforced Epoxy Composites using 
Chemically Modified Carbon Nanoparticles as 
Nano-Fillers. International Journal of Engineering 
Research & Technology 14(12): 18053145 (2025). 
https://doi.org/10.5281/zenodo.18053145

53.	 M. Cui, L. Zhang, P. Lou, X. Zhang, X. Han, Z. 
Zhang, and Z. Shuhua. Study on thermal degradation 
mechanism of heat-resistant epoxy resin modified 
with carboranes. Polymer Degradation and Stability 
176: 109143 (2020). https://doi.org/10.1016/j.
polymdegradstab.2020.109143

54.	 M.K. Lila, G.K. Saini, M. Kannan, and I. Singh. 
Effect of fiber type on thermal and mechanical 
behavior of epoxy based composites. Fibers 
and Polymers 18: 806-810 (2017). https://doi.
org/10.1007/s12221-017-1147-0

55.	 S.R. Islam, A. Alassod, M.K. Patoary, T. Naveed, 
M.A. Ali, and J. Jiang. Study on thermal, thermo-
mechanical, and flexural properties of jute fiber 
surface modification and its reinforced composite. 

American Association of Textile Chemists and 
Colorists Journal of Research 8(5): 11-17 (2021). 
https://doi.org/10.14504/ajr.8.5.2

56.	 S. Sanjeevi, V. Shanmugam, S. Kumar, V. Ganesan, 
G. Sas, D.J. Johnson, M. Shanmugam, A. Ayyanar, 
K. Naresh, R.E. Neisiany, and O. Das. Effects of 
water absorption on the mechanical properties 
of hybrid natural fibre/phenol formaldehyde 
composites. Scientific Reports 11(1): 13385 (2021). 
https://doi.org/10.1038/s41598-021-92457-9

57.	 T. Väisänen, O. Das, and L. Tomppo. A review 
on new bio-based constituents for natural fiber-
polymer composites. Journal of Cleaner Production 
149: 582-596 (2017). https://doi.org/10.1016/J.
JCLEPRO.2017.02.132

58.	 B. Dan-asabe. Thermo-mechanical characterization 
of banana particulate reinforced PVC composite as 
piping material. Journal of King Saud University 
- Engineering Sciences 30(4): 296-304 (2018). 
https://doi.org/10.1016/j.jksues.2016.11.001

59.	 O.O. Daramola and O.S. Akintayo. Water absorption 
characteristics of Epoxy matrix composites 
reinforced with green silica particles. Leonardo 
Electronic Journal of Practices and Technologies 
32: 215-232 (2018). https://www.academia.
edu/74417933/Water_absorption_characteristics_
of_Epoxy_matrix_composites_reinforced_with_
green_silica_particles

60.	 A. Mahmud, C. Dev, M.T. Meem, M.A. Gafur, and 
M.A. Hoque. Preparation and mechanical properties 
of green epoxy/chitosan/silver nanocomposite. 
Green Materials 10(3): 110-118 (2021). https://doi.
org/10.1680/jgrma.21.00020

61.	 S. Dixit. Degradation analysis of lignocellulosic 
fillers infused coir epoxy composites in different 
environmental conditions. International Journal 
of Lignocellulosic Products 1(2): 160-179 (2014). 
https://doi.org/10.22069/ijlp.2014.2073

62.	 M. Milošević, A. Krkobabić, M. Radoičić, 
Z. Šaponjić, T. Radetić, and M. Radetić. 
Biodegradation of cotton and cotton/polyester 
fabrics impregnated with Ag/TiO2 nanoparticles 
in soil. Carbohydrate Polymers 158: 77-84 (2017). 
https://doi.org/10.1016/j.carbpol.2016.12.006

63.	 H. Wang, D. Wei, A. Zheng, and H. Xiao. Soil burial 
biodegradation of antimicrobial biodegradable 
PBAT films. Polymer Degradation and Stability 
116: 14-22 (2015). https://doi.org/10.1016/J.
POLYMDEGRADSTAB.2015.03.007

32	 Basak et al



Proceedings of the Pakistan Academy of Sciences: A	  � Pakistan Academy of Sciences
Physical and Computational Sciences 63(1): 33-45 (2026)
Copyright © Pakistan Academy of Sciences
ISSN (Print): 2518-4245; ISSN (Online): 2518-4253
http://doi.org/10.53560/PPASA(63-1)707

Research Article

————————————————
Received: January 2026; Revised: February 2026; Accepted: March 2026
* Corresponding Author: Abdur Raziq <drraziq@icp.edu.pk>

Spatiotemporal Trends of Snow Cover under Climate Change
Using Landsat Imagery: A Case Study of the Astore Region,

Western Himalaya, Pakistan

Bahadar Khan1, Abdur Raziq1*, Izhar Ullah2, and Yasir Hanif1 

1Department of Geography, Islamia College Peshawar, Pakistan 
2Department of Agricultural and Applied Economics, The University of Agriculture,

Peshawar, Pakistan 

Abstract: The Upper Indus Basin is a significant freshwater resource for Pakistan’s irrigation system, with 
approximately half of its annual water resources are produced from glacier and snow nourished basin within the 
Himalaya, Karakorum, and Hindu Kush (HKH) region. The basin is increasingly vulnerable to climate change, 
making it important to study and assess the spatiotemporal changes of snow cover area (SCA) and their relationships 
with climatic factors for actual water resource management. This study is focused on the sub-basin of Upper Indus 
Basin Astore region, using Landsat imagery from 1998 to 2023 to calculate SCA during the summer season through 
the indices of the Normalized Difference Snow Index. Climatic variables, with precipitation and temperature were 
downloaded from NASA’s Prediction of worldwide energy resources (POWER) dataset. Results illustrate a significant 
decline in SCA at a rate of -4.92 km2 per year, which is associated with increasing mean annual temperature and 
decreasing precipitation. These findings confirm that increasing temperature and reduced precipitation are contributing 
to the reduction of snow cover in Astore. This study highlights the significance of regional scale studies to know the 
consequence of climate change on change in snow cover within the Upper Indus Basin.

Keywords: Snow Cover Area, Climate Change, Normalized Difference Snow Index, Landsat Imagery, Astore Basin, 
Precipitation, Temperature.

1.    INTRODUCTION

The Astore Basin, a snow-fed sub-basin of 
the Upper Indus Basin located in the western 
Himalayas, was selected as the focus of this study. 
The freshwater ecosystem of the earth is mostly 
located in mountainous regions, where glaciers 
have a substantial impact on the worldwide flow of 
streams and rivers [1, 2]. During drought periods, 
snow covered mountain regions act as  continuous 
water sources and serve as a lifesaving buffer [3]. The 
Himalayas, Karakoram, and Hindukush (HKH) are 
among the highest mountain ranges where glaciers 
melt significantly and influence regional water 
supplies [2, 4, 5]. The HKH region comprises the 
most extensive mountainous areas, spanning many 
countries including Pakistan, Afghanistan, China, 

India, Nepal, Bhutan, and Myanmar. These areas 
are renowned as the ‘Third Pole’ or ‘Water Tower 
of Asia’ due to their substantial freshwater reserves. 
A significant portion of the major river systems 
in these countries originate in the HKH region, 
and are sustained by glacier and snowmelt [6, 7]. 
Consequently, this area sustains the livelihoods of 
inhabitants in dowstream areas by providing vital 
water resources, which are crucial for drinking, 
agricultural production, power generation, and 
industrial development [8-11].

Nevertheless, as a consequence of climate 
change, snow covered and glacier regions are 
facing significant threats and are undergoing 
continual transformation [12]. Pakistan is mostly 
agrarian nation that heavily relies on Indus River 



system [13]. The main source of water in this river 
originates from glacier and snow melt [14, 15]. 
Snow-covered mountains remain largely unaffected 
by direct human activities, they are susceptible to 
climatic variability. Climate change is causing 
rising temperatures, shorter snowfall durations, and 
altered snowfall patterns. These factors influence 
river flow throughout summer and help to cause 
the snow cover to melt sooner [16-18], ultimately 
leading to water-shortage and other related 
natural disasters [19]. Temperature directly affects 
snowmelt development, whereas precipitation 
especially in solid form is the key source of snow 
accumulation [20]. Current studies underscore that 
the relationship between temperature, precipitation 
and snow cover area is unstable and intensifying 
under climate change. With increasing temperature 
foremost to previous spring melt and decreased snow 
perseverance in numerous mountain regions [21-
22]. Despite advancements, a substantial research 
gap continuous in developing strong, spatially clear 
outlines that methodologically integrate Normalized 
Difference Snow Index (NDSI) obtained Snow 
Cover Area (SCA) with temporally corresponding 
temperature and precipitation data to improve the 
considerate of seasonal snowpack changing aspect 
and its sensitivity to climatic variables. Some 
existing analysis remain on description and coarse-
resolution climatic datasets that inconsistency the 
spatial information of satellite-based SCA.

In this study snow cover area generally shows 
a decline, however some studies [23-25] reported 
a rising trend in SCA due to increase in winter 
precipitation and reduced summer temperatures. 
Subsequent research anticipated that the HKH 
region would experience increased precipitation 
from 1901 to 2099; however, temperature trends 
show strong interannual variability. According to 
other studies [26, 27], there would be a notable 
rising trend in precipitation in Gilgit-Baltistan 
throughout the midcentury (2021-2060). In the 
Northwest Himalayan area, Negi and Kanda [28] 
also noted a rising tendency in SCA due to a slowing 
rate of warming. These variations in climate thus 
suggest variations in SCA. Therefore, it’s important 
to keep an eye on how the snow cover is changing.  
Nonetheless, a sizable portion of the HKH region is 
vulnerable, and there is little information available 
on the geographic variability of SCA overall. 
The high altitude and challenging terrain of the 
SCA made mapping extremely challenging in the 

past [29, 30]. Since the 1960s, various geospatial 
techniques have been developed to facilitate snow 
cover mapping [31]. Khan et al. [32] studied snow 
characteristic in Astore sub-basin using MODIS 
satellite data, showing robust seasonal spread and 
spatial changes in snow water correspondent, snow 
depth, and SCA, with winter snow cover area up to 
94% and summer as noted low as 20%. Snowmelt 
was affected by local basin and metrological 
factors. Ali et al. [33] projected future hydrological 
responses using CMIP6 models, showing that 
rising temperatures and variable precipitation 
could alter streamflow and reduce snowmelt 
contributions, despite some scenarios indicating 
increased precipitation. Regionally, Dar and Sarif 
[34] reported negative glacier mass balance and 
glacial area loss in the Kashmir Himalayas and UIB, 
though some Karakoram glaciers show slower loss 
(Karakoram anomaly). Almagioni et al. [35] identify 
complex, spatially diverse trends over Karakoram, 
Western Himalaya, and Kunlun Mountain ranges, 
with change in snow season during connected 
with temperature and precipitation changes. 
Hydrological response and snow cover change in 
Astore are formed by connection among climate, 
topography, and atmospheric forcing, highlighting 
the need for combined climate modeling, remote 
sensing and hydrological assessment. 

Currently, geospatial communities use a 
variety of indices and techniques for SCA mapping, 
as well as image-classification methods. These 
indices including normalized difference debris 
index (NDDI), normalized difference principal 
component index (NDPSCI), normalized difference 
water index (NDWI), normalized difference snow 
thermal index (NDSTI) and normalized difference 
snow index (NDSI). In this study, NDSI is used for 
monitoring as it produces good results in mountain 
terrain and is one of the most famous indices for 
SCA calculation. Present SCA analysis based 
on NDSI frequently lack integration with main 
regulatory climatic variables, temperature and 
precipitation, restricting the ability to assess the 
contributing factors behind observed snow cover 
patterns, trends and anomalies, especially in data-
scare mountain regions.

The main purpose of this study is to determine 
the snow-covered area in Astore with application 
of normalized difference snow index (NDSI) from 
1998-2023. Temperature and precipitation, two 
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climatic parameters, were analyzed in relation 
to SCA. Understanding the SCA’s relationship to 
temperature and rainfall was crucial for those who 
depend on glaciers in mountainous and low-lying 
locations. The past study elaborated the glacier 
cover in Astore, Hunza and Gilgit [36]. The western 
Himalaya region shows exceptional patterns of 
topographic complexity, erosion, and exposure 
[37]. The Astore basin, located in the western 
Himalayas, is a snow-fed system characterized by 
low- to mid-elevation glaciers and predominantly 
north-facing slopes.  Due to its relatively low 
elevation, Astore is mostly reliant on precipitation 
particularly in winter season. These fundamental 
characteristics give Astore its unique geographic 
settings. Accordingly, the objectives of this study 
are to: (1) Monitor the spatial and temporal 
fluctuation of SCA in the Astore region, and (2) 
analyze the relationship between climatic variables 
and SCA to assess climate-change impacts on snow 
cover dynamics.

2.    MATERIALS AND METHODS 

2.1. Study Area

The study area is located between 34° 16′-37° 
06 N latitude and 72° 03′-77° 44′ E longitude, 
defining the boundary between greater Himalaya 
and Karakorum ranges [38]. The Indus River starts 
from the Tibetan Plateau, flow through northern 
Pakistan, and provide water to the Tarbela Dam [39, 

40]. For this study, the Astore region was selected, 
which lies in the dangerous western Himalayas 
of northern Pakistan. Farhan et al. [39] described 
that annual mean temperature in Astore range from 
-2.9°C to 9.9 °C, however annual precipitation 
changes between 500 mm and 870 mm. Significant 
precipitation expected (75%) during the spring 
and winter season due to westerly distribution, 
although the residual 25% occurs during the 
summer and autumn seasons, mainly “affected by 
local jet streams” and the south Asian monsoon. 
Both winter rainfall and solid precipitation driven 
by westerlies meaningfully effect the discharge of 
the Astore River [41]. Figure 1 shows that Astore 
is bounded to the North by Gilgit, South by Khyber 
Pakhtunkhwa, and Neelum valley, East by Skurdu, 
and West by Diamer district with total cover area 
about 5200 km2 [42]. 

2.2. Methods

This study used a temporal satellite imagery 
spanning from 1998 to 2023. “Satellite data 
(Collection 2 level-2) were downloaded from 
USGS website.” Only images with less than 10% 
cloud coverage were selected to confirm precision 
and accuracy. All downloaded images underwent 
standard preprocessing process as delineated in 
preceding literature [43]. To continue consistency 
with previous studies and to enable accurate 
assessment, atmospheric correction was omitted 
intentionally; this method is mainly valid in high 

Fig. 1. Geographical location of study area.
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altitude mountainous region where atmospheric 
effect is minimum and do not meaningfully effect 
snow detection [44-46]. The dataset comprised 
imagery from different generation of Landsat 
satellite particularly, Landsat 4-5 TM, Landsat 
7 ETM+, and Landsat OLI/TIRS. “All satellite 
images used had a spatial resolution of 30 m. and 
were analyzed mainly for the summer season. 
The NDSI was employed to find and define snow 
covered areas. This index takes benefit of snow 
spectral signature, especially its robust reflectance 
in the visible band (green) and low reflectance in 
the shortwave infrared (SWIR) band. The NDSI is 
calculated using below formula, as defined by Hall 
et al. [47]:

                                        (1)

NDSI value ranges from -1 to +1, with values 
above 0 representing the presence of snow. A most 
common threshold of NDSI ≥ 0.4 was used to 
categorized snow pixels in the satellite imagery, as 
suggested in various literature studies [48-51]. The 
optimal threshold should be determined based on 
the study area, atmospheric and sensor description 
to minimize misclassification. For the calculation: 
Landsat 5 TM and 7 ETM+ used band 2 (Green with 
spectral range 0.52-0.60 µm) and Band 5 (SWIR 
with spectral range 1.55-1.75 µm). For Landsat 8 

OLI used band 3 (Green with spectral range 0.53-
0.59 µm) and band 6 (SWIR spectral range 1.57-
1.65 µm). Once the NDSI was calculated, the snow 
cover area (SCA) was extracted by reclassifying 
the NDSI values into two classes, for instance 1 for 
snow covered area and 0 for snow free areas. This 
classification was performed using the reclassify 
tool. Following classification, the entire snow-
covered area within the study area was computed. 
“This was computed using the filed calculator tool” 
which allowed for efficient conversion of pixel 
based into area measurements. Resultantly, the 
SCA was calculated on an annual basis (for summer 
season) by totaling up the classified snow pixels, 
allowing for the evaluation of temporal changes in 
snow distribution over the 25 years of study period. 
In addition to satellite imagery, climatic data on 
precipitation and temperature were acquired from 
NASA website perdition of worldwide energy 
resources database (https://www.earthdata.nasa.
gov/data/projects/power) for the time period (1998-
2023). These data were particularly extracted 
for the study area to examine the connection 
between climatic factors and variation in SCA. The 
correlation between annual snow cover level and 
corresponding climate variables such as rainfall 
and temperature were analyzed to evaluate the 
impact of climate change on snow dynamics in the 
region. Figure 2 shows the overall methodology of 
the study area.

Fig. 2. Layout of the research methodology.
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2.3. Landsat Data

Landsat data are easily available, annual Landsat 
imagery for the study region was freely acquired 
from USGS website for the period 1998 to 2019 [51]. 
Rastner et al. [52] explained that Landsat delivers 
extensive time series data with multispectral and 
spatial resolution, which is especially useful for 
snow cover area. Every Landsat satellite completes 
a full orbit cycle particularly every sixteen days. In 
this research, data from Landsat 5 Thematic Mapper 
™, Landsat 7 ETM+, and Landsat 8 OLI were used. 
The detailed parameters of the satellite sensors are 
provided in Table 1.

2.4. Predication of Worldwide Energy Resources
       (POWER) Database (Rainfall and
       Temperature)

Climate data, with temperature and precipitation, 
were used to examine change in snow covered area 
(SCA) in the Astore region. For this drive, climatic 
data for the study period from 1998 to 2023 were 
downloaded from NASA Powered portal data. The 
effect of climate changes on SCA was examined 
using this dataset. Table 2 illustrated in detailed 
parameters of the climatic data.

3.    RESULTS 

The yearly snow cover area (SCA) of Astore was 
computed applying Landsat data from 1998 to 2023 
in ArcGIS 10.8.2. This study shows significant 
changes in the Astore region due to variation in 
temperature and precipitation [33, 53]. In July 1998, 
the SCA of Astore was 6.32%, whereas in July 2008, 
it reduced to 2.27%. The significant discharge of 
the Astore River indicates distinguished variations 
within the regional snow cover. [54] noted, annual 
and seasonal changes in snow cover considerably 
effect the flow of the Astore River. Our results 
show a declining trend in SCA in Astore at a 
rate of -4.92% per year, determined by changing 
precipitation and temperature dynamics. In contrast, 
rise in SCA have been detected in Karakoram and 
western Himalaya regions [33]. The Upper Indus 
Basin (UIB) depend heavily on water from snow 
cover and glacier melt. With the detected decrease 
in snow cover, the Astore River is probable to be 
importantly impacted. Warmer summer and low 
precipitation (increasing summer temperatures 
and declining precipitation tendencies) accelerate 
snowmelt in the mountains, potentially leading to 
water scarcity in the Astore River and rising the 
risk of glacier lake outburst (GLOFs). Figure 3 

Data type Date Spatial resolution (m) Cloud cover (%) Path Row
Landsat 4-5 (TM) July-1998 30 25 149 035
Landsat 7 (ETM) July -2003 30 30 149 035
Landsat 7 (ETM) July- 2008 30 1 149 035
Landsat 7 (ETM) July -2013 30 1 149 035
Landsat 8 (OLI/TIRS) Aug -2018 30 2 149 035
Landsat 8 (OLI/TIRS) Aug -2023 30 4 149 035

Table 1. Detail parameters of Landsat data.

Date Minimum temp. Maximum temp. Means temp. Precipitation (mm)

Jul-1998 19.06 26.80 18.93 12.6

Jul-2003 17.88 22.91 20.39 28

Jul-2008 17.15 22.04 19.59 25.1

Jul-2013 15.15 21.32 18.23 35.8

Aug-2018 17.66 22.86 20.26 37.3

Aug-2023 16.79 21.88 19.34 15

Table 2. Detail parameters of climate data.
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illustrates the annual SCA, while Figure 4 presents 
a graphical description of Astore SCA.

Figure 4 shows a time series analysis of annual 
temperature, precipitation, and SCA from 1998 to 
2023 at five-year gaps. The data show a clear rising 
trend in precipitation, increasing from 12.6 mm in 
1998 to 37.3 mm in 2018 previously decreasing 
to 15 mm in 2023. This overall positive however 
weak linear connection is counted by the regression 
equation y = 0.2891x -555.65 (R2 = 0.0692). In, 
comparison, mean annual temperature showed 
minimal inconsistency across the study period, with 
values shifting narrowly between 18.2 °C and 20.4 
°C, subsequent in a near- flat trend line defined by 
y = 0.0017x + 16.01 (R2 = 0.0004). SCA confirmed 

the most distinct and clear trend, considered by a 
long-term decline as defined by the equation y = 
-28.237x + 57501, which consider for a reasonable 
amount of the change (R2 = 0.4829). The interannual 
changeability in snow cover, connecting successive 
increase and decrease, therefore, overlaid upon a 
substantial negative secular trend. 

The linear data displayed in Figure 4 (1998-
2023) share different and statistically diverse trends 
for three main climatic variables, temperature, 
precipitation and snow cover area (SCA). A relative 
analysis highlights the complex topography of 
mountain or high-latitude ecosystem responses 
to climatic changes, where SCA acts as a serious 
integrators’ variable with a more sensitive and 

 

 

Fig. 3. Annual snow cover of Astore for the period (1998-2023).

Fig. 4. SCA annual rainfall and temperature of Astore.
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distinct trend than the primary climatic variables in 
this dataset.  The main climatic drivers including 
precipitation, temperature displayed remarkable 
weak linear trends over the 25-year period in the 
study area. The precipitation trend, while showing a 
clear increase (y = 0.2891-555.69), is considered by 
high interannual instability, as proved by the peak of 
37.3 mm in 2018 and following sharp decline to 15.0 
in 2023. The very low coefficient of determination 
(R2 = 0.0692) confirms that this mountain slope 
describes less than 7% of the variance in the 
data, signifying that precipitation is influence by 
stochastic, short-term changeability rather than 
a strong, deterministic trend. In contracts, mean 
annual temperature shows negligible variation 
no linear warming or cooling trend visible at this 
temporal and interval. The differentiate between 
those two weak trends (temperature stable and 
precipitation slightly increasing) is a serious 
starting point for analyzing the climatic response. 

In sharp difference to the vague climatic sign, 
the snow cover area (SCA) shows a robust, coherent 
negative decline trend.  The regression equation 
(y= -28.237x + 57501) shows a considerable 
rate of decline, which is endorse by the strongest 
statistical connection in the dataset (R2 = 0.4829). 
This reveals that almost 50% of the changes in 
SCA can be described by the linear way of time, a 
convincing sign of determined loss. The narrative 
report “increase, decrease, again increase, again 
decreased and decreasing trend” precisely define 
the interannual changes overlaid upon this leading 
negative route. These year-to-year changes are 
likely assigned to the instable precipitation patterns 
that is high snow years in 2013 and 2018 consistent 
to high precipitation), but the basic secular decline 
is unique. 

The Mann–Kendall test indicates a weak and 
statistically non-significant decreasing tendency 
in snow-covered area during 1998-2023. Sen’s 
slope estimator suggests an average decline of 
approximately 20.3 km² per year. Mean precipitation 
exhibits a weak increasing tendency, whereas land 
surface temperature shows no consistent monotonic 
trend in Table 3. Pearson correlation analysis reveals 
weak and statistically insignificant relationships 
between snow cover and both precipitation and 
temperature, indicating that snow-cover variability 
is likely influenced by multiple interacting climatic 
and topographic factors rather than individual 
climatic variables alone is illustrated in Table 4.

3.1. Climatic Variable and Snow Cover

To improve our considerate of snow cover 
dynamics, the SCA results were linked with 
other climate variable, such as precipitation and 
mean annual temperature. The analysis covered 
the period from 1998 to 2023. This study linked 
climatic data to notice changes in SCA and to 
evaluate the effect of climate variation toward 
snow cover.  By calculating the precipitation and 
mean annual temperature for Astore, we found 
that the mean annual temperature is rising while 
precipitation is declining. Moazzam et al. [27] 
stated a positive trend in summer precipitation, they 
also observed increasing temperature trend. In this 
study, we detected an increase in mean temperature 
follow by a decreasing trend in precipitation, which 
accelerates snowmelt.

4.    DISCUSSION

During this analysis, we evaluated variations in snow 
cover area in Astore region utilize Landsat data for 

Variable Z (MK) Trend direction Sen’s slope (Q)
Snow cover area −0.75 Decreasing −20.27 km² yr⁻¹
Mean precipitation (PPT) 0.75 Increasing +0.62 mm yr⁻¹
Mean LST 0 No clear trend −0.009 °C yr⁻¹

Relationship Pearson r p value Strength
Snow cover vs PPT −0.26 0.61 Weak negative
Snow cover vs LST 0.23 0.65 Weak positive

Table 3.  Showing Mann–Kendall test analysis.

Table 4. Pearson analysis showing comparison of SCA, LST and PPT.
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the period 1998-2023. It is confirmed that higher 
accuracy in shaded and mountainous region [55-
57], the NDSI was used to extract snow cover in this 
study. The study findings confirm a clear declining 
trend in the SCA of Astore over the study period. 
The observed decline in SCA negatively affects 
glacier mass balance, determined by increasing 
mean temperature and decreasing precipitation 
in the region [58, 59]. This negative SCA trend 
prevent glaciers and contribute negatively to the 
glacier mass balance in the western Himalayas 
occur earlier recorded and comparing with Global 
glacial trend. This regional anomaly is links to 
local climatic trends of increasing temperature and 
decreasing precipitation trends [36, 39, 60]. The 
location of Astore in the western Himalayas, with 
a climate more identical to the southern Karakoram 
due to westerlies effect, results in varied climatic 
drivers [40].  A significant decline is snow cover 
area has been observed, especially at lower and 
mid elevations. The previous studies demonstrate 
a strong and persistent long-term warming trend 
throughout the Gilgit- Baltistan region including 
Astore [61-63]. While a significant increases in 
mean and extreme temperatures, especially since 
the late of 20th century. Although precipitation 
trends show different variation and complexity, 
growing evidence of change in precipitation 
patterns. Previous studies reveal an overall 
increase in total rainfall convoyed by a decline in 
snowfall, representing a change from solid to liquid 
precipitation, especially during winter and spring 
[64-66]. 

The results of previous studies [67, 68] show 
decreasing trend in SCA for the Astore region which 
aligned and support our results. This negative snow 
cover area trend stops glaciers and pay negatively to 
the glacier mass balance in the western Himalayas 
occur previously recorded and comparing with 
the global glacier trend. This regional anomaly 
is matches to local climatic trends of increasing 
temperature and decreasing precipitation trends 
[27, 38].

These results match with the previous 
literature studies relating a declining inclination 
of snow cover in the area [40, 69]. This changing 
aspect of snow cover area in the central Karakorum 
and western Himalayas are mainly governed by 
patterns of climatic changes, in Astore rising mean 
annual temperatures accompanied by declining 

precipitation indicate that global warming is 
considerably affecting snow cover in northern 
Pakistan. This regional snow cover decline reflects 
global patterns of glacier retreat connected to current 
climate change phenomena. Additionally, the 
decrease in glacial accumulation has led to reduced 
flow in the Astore river basin, posing significant 
risks to agricultural efficiency in the downstream 
low-lying areas. Conclusively, this study highlights 
the critical effects of climatic changes on snow cover 
and glacier health in the Astore region, resultantly 
affect water resources and regional agriculture. The 
glacier in the study regions nourish the Indus River, 
an essential resource and infrequent hazard for 
about 220 million low- laying peoples. Decreasing 
glacier mass has diminish river flow in the Astore 
sub basin, a potentially negative development for 
downstream agriculture. 

5.   CONCLUSIONS

This study assessed the spatiotemporal variations in 
the snow cover area of the Astore area using Landsat 
data downloaded from USGS for the period 1998-
2023. The study was further extended to evaluate 
the linkages between SCA and core climatic factors 
such as temperature and precipitation. Results 
demonstrate that a clear declining trend in SCA 
in the study area, primarily driven by increasing 
temperatures and decreasing precipitation during 
the study period. The SCA decreased at an average 
rate of approximately -4.92 km2 per year between 
1998 and 2023. The lowest annual SCA of 2.27% 
was detected in 2008, whereas the highest value 
of 6.32% was observed in 1998. These finding 
highlights the significant influence of temperature 
and precipitation on annual snow cover changes 
in the region. The detected decrease in average 
rainfall combined with the rise in mean temperature 
appears to be the main factor contributing to the 
declining trend of SCA in Astore. In conclusion, 
the decrease in snow cover raises serious concerns 
for future water availability, which may threaten 
agricultural production and other water-dependent 
activities in the region that depend on the Astore 
river. The continuing decrease in precipitation and 
increase in mean temperature in Astore contrasts 
with some global trends, highlighting the need 
for detailed localized studies. This study provides 
valuable insights to guide effective water resource 
management and planning under changing climatic 
conditions.
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Abstract: This study explores the association between COVID-19 patients and antibiotic usage (Azithromycin, 
Ceftriaxone, Tanzo, Tienum) concerning vital signs and comorbidities (diseases) to enhance treatment efficacy, 
emphasizing mortality risk. Logistic regression is used for unadjusted model (M0) links antibiotics, while adjusted 
models (M1, M2, M3) incorporate vital signs and comorbidities, etc. Antibiotics are categorized into low (L1) and high 
(L2) doses. Models are classified as ILRM (insignificant with low risk of mortality), SLRM (significant with low risk 
of mortality), IHRM (insignificant with high risk of mortality) and SHRM (significant with high risk of mortality). 
Azithromycin exhibits IHRM at L1 and SLRM at L2 for M0, M1/M2 show IHRM at L1 and ILRM at L2. M3 shows 
IHRM. Ceftriaxone transitions from ILRM at L1 to IHRM at L2 (except M3). Tanzo shows SLRM at L1 (M0) and ILRM 
in other models (except M3 at L2). Tienum indicates IHRM at both levels (M0), while adjusted models associate it with 
ILRM at L1 and IHRM at L2. This research provides crucial insights for healthcare professionals to predict and manage 
vital signs and comorbidities variations, and to underline the mortality risk in COVID-19 patients.

Keywords: COVID, Antibiotic, Vital Signs, Comorbidities, Unadjusted and Adjusted Models, Mortality Risk.

1.    INTRODUCTION

The Coronavirus disease (COVID-19) dramatically 
reshaped societal structures, impacted human 
psychology, influenced public policies and redefined 
interpersonal interactions through isolation and 

digital reliance [1, 2]. COVID-19 is a highly 
contagious respiratory illness caused by the severe 
acute respiratory syndrome [3-5]. The virus was first 
identified in December 2019 in the city of Wuhan, 
China. The global situation with COVID-19 has 
been dynamic, with various waves of infections. 



Vaccination campaigns have played a crucial role 
in mitigating the impact of the virus, providing 
immunity to individuals and reducing the severity 
of illness. Several vaccines have been developed 
and authorized for emergency use, contributing to 
a significant decrease in severe cases and mortality 
rates in many regions [6-7]. However, challenges 
persist, including the emergence of new variants 
of the virus, vaccine distribution disparities and 
ongoing public health measures [8, 9]. Some areas of 
world have experienced resurgences of COVID-19 
cases, leading to fluctuations in containment efforts 
[10, 11]. Governments and health authorities 
continue to adapt strategies based on the evolving 
nature of the pandemic, balancing public health 
concerns with the need for economic stability and 
societal well-being. The virus has been responsible 
for a significant number of deaths worldwide and 
has presented a critical challenge for Pakistan’s 
healthcare sector [12, 13]. Pakistan managed well 
to meet the high standards for COVID-19 treatment 
set by the World Health Organization [14-16].

Islam et al. [17], Gul and Yucesan [18] and 
Spangler et al. [19] reported that different vital 
signs play a vital role in monitoring the individuals, 
whether it is suspected or confirmed COVID-19 
patient, and these vital signs, i.e., (temperature, 
respiratory rate, oxygen saturation, pulse rate, blood 
pressure and level of consciousness) are associated 
with the symptoms of a COVID-19 infection. Fever 
is a common symptom of COVID-19. Generally, 
normal body temperature for a healthy adult can 
range between 97.8 degrees Fahrenheit (36.5 
degrees Celsius) and 99 degrees Fahrenheit (37.2 
degrees Celsius) and body temperature above 100.4 
°F (38 °C), is often observed in infected individuals 
[20, 21], Generally, normal respiration rates for 
an adult person at rest typically range from 12 to 
16 breaths per minute and increased respiratory 
rate may be indicative of respiratory distress or 
pneumonia, which can be associated with severe 
cases of COVID-19 [22, 23]. COVID-19 can 
lead to respiratory issues and monitoring oxygen 
saturation levels is crucial. A decrease in oxygen 
saturation may indicate respiratory compromise 
or the development of acute respiratory distress 
syndrome [24]. American Heart Association (AHA) 
defined the accepted normal blood pressure as: a 
systolic blood pressure of less than 120 mm Hg and 
a diastolic blood pressure of less than 80 mm Hg, 
and monitoring pulse rate and blood pressure helps 

assess the cardiovascular impact of the infection 
[25, 26]. Generally, the normal resting heart rate for 
healthy adults typically falls within the range of 60 
to 100 beats per minute [27, 28]. Monitoring vital 
signs is a crucial aspect of managing and providing 
care to individuals with COVID-19, especially in 
severe cases where prompt medical intervention may 
be necessary. Regular monitoring helps healthcare 
professionals assess the progression of the illness 
and adjust treatment plans accordingly. Different 
antibiotics, i.e., Azithromycin, Cefatriaxone, Tanzo, 
and Tienum had been applied in Pakistan for the 
treatment of COVID-19 [29-31].

In the healthcare domain, the standard 
practice involves administering various antibiotics, 
such as Azithromycin, Cefatriaxone, Tanzo, and 
Tienum, to treat bacterial infections. It is crucial to 
understand the potential impact of these antibiotics 
on essential indicators like temperature, respiratory 
rate, oxygen saturation, pulse rate and blood 
pressure. It is important to consider their effects 
on different comorbidities (diseases), i.e., diabetes, 
high blood pressure, heart, kidney, asthma, 
tuberculosis, cancer, nervous disorders, allergies, 
Chronic Obstructive Pulmonary Disease (COPD), 
etc. This understanding is essential for effective 
patient management and safety. The primary 
goal is to examine the dataset of post-COVID-19 
patients and develop a robust and accurate logistic 
regression model that can predict the mortality 
risk of individuals with COVID-19. This involves 
developing various unadjusted and adjusted 
statistical models using different levels of antibiotics, 
vital measurements and diseases. The goal is to 
assist healthcare professionals in anticipating and 
effectively managing potential fluctuations in vital 
signs following antibiotic treatment. This research 
aims to contribute to the improvement of patient 
care by providing healthcare professionals with a 
reliable tool for managing antibiotic-related effects 
on vital signs and comorbidities.

2.    MATERIALS AND METHODS

2.1. Data Collection and Variables Descriptions

The research gathered secondary data of COVID-19 
patients, admitted to four hospitals, both public 
and private, located in Rawalpindi and Islamabad. 
These hospitals are Pakistan Air Force Hospital, 
Pakistan Institute of Medical Sciences Hospital, 
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Holy Family Hospital and Benazir Bhutto Shaheed 
Hospital. The study encompassed the timeframe 
spanning from February to August 2020. The 
statistical analysis was conducted using SPSS to 
ensure robust estimation and validation of results. 
The identification of variables is described as 
follows:
i.	 Antibiotics used are classified into two relative 

categories (levels) as: “L1” = low dose is 
given, and “L2” = high dose is given. Four 
antibiotics (Azithromycin, Cefatriaxone, 
Tanzo, and Tienum) are studied. Patients 
received Azithromycin as follows: 113 in L1 
and 1485 in L2. Ceftriaxone was administered 
to 214 in L1 and 212 in L2. Tienum was 
provided to 39 in L1 and 124 in L2. Tanzo 
was prescribed to 97 in L1 and 199 in L2. The 
classification of antibiotic use into low (L1) 
and high (L2) levels is a relative categorization 
derived from four hospital records and does 
not represent standardized or guideline defined 
dosage thresholds. It is important to note that, 
in the context of COVID-19 management 
in Pakistan, antibiotic prescribing practices 
were heterogeneous and largely physician 
dependent, with dose variations influenced 
by clinical severity and institutional protocols 
rather than fixed benchmarks. Therefore, the 
L1 and L2 classifications represent comparative 
groupings derived from observed prescribing 
patterns across hospitals, rather than fixed or 
universally defined dosing standards.

ii.	 The presence and absences of various 
variables recorded, i.e., respiration rate, body 
temperature, oxygen saturation level, blood 
pressure, pulse rate, patient age, gender and 
survival outcome of individuals.

iii.	 The presence and absences of various 
comorbidities recorded, i.e., diabetes, blood 
pressure, heart disease, kidney disease, asthma, 
tuberculosis, cancer, nervous disorders, 
allergies, HCV, anemia, Chronic Obstructive 
Pulmonary Disease (COPD), etc.

2.2. Odds ratio, Un-adjusted and Adjusted 
       Logistics Regression Models 

Logistic regression is a statistical model used 
to forecast the likelihood of a binary outcome 
by considering one or more predictor variables 
(categorical or continuous) [32-35]. Logistic 
regression model (logistic function) is also known 

as the sigmoid function. The sigmoid function is 
useful for representing probabilities of any real 
value numbers to the range of 0 and 1. In logistic 
regression, the model predicts the probability of an 
event occurring as a function of one or more predictor 
variables. The coefficients of logistic regression 
represent the log-odds or logit transformation of the 
odds ratio for each predictor variable.

Where “p” stands the probability of the event 
occurring, “1-p” stands the probability of the event 
not occurring and “p/1-p” stands the odds of the 
event occurring. “ꞵ0” stands the intercept, and “ꞵi” 
(I = 1, 2, 3, … m) stands regression coefficients 
associated with independent variables “yi”. 

The odds ratio is a measure of association 
between an interest and outcome [36, 37]. In logistic 
regression, the odds ratio for a predictor variable is 
given by:

The odds ratio represents the multiplicative 
change in the odds of the event for a one-unit 
increase in the predictor variable [36, 37]. The 
logistic regression coefficients represent the change 
in the log-odds of the event per unit change in the 
corresponding predictor variable. The odds ratio is 
the exponential of the coefficient and represents the 
multiplicative change in the odds of the event for a 
one-unit change in the predictor variable [38-40]. 
Logistic regression coefficients are in the log-odds 
scale, while odds ratios provide a more interpretable 
measure of the effect of predictor variables on the 
odds of the event. The odds ratio (OR) measures the 
strength and direction of the association between 
two variables. It is calculated as the ratio of the 
odds of an event occurring in one group to the odds 
of it occurring in another group.

(3)

Where “OGa” stands the odds of the event of interest 
for group-a, and “OGb” stands the odds of the event 
of interest for group-b. “OR = 1”, suggests that 
there is no association between the interest and the 
outcome. “OR > 1”, implies a positive association 
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between the interest and the outcome, and “OR 
< 1”, indicates a negative association between 
the interest and the outcome. The significance 
of the OR is often assessed through confidence 
intervals (CI), and if 95% CI does not include 1, 
suggests association is statistically significant. 
In logistic regression, both unadjusted (single 
predictor variables, without considering the effects 
of other variables) and adjusted models (multiple 
predictor variables) are commonly used to analyze 
the relationship between predictor variables and 
a binary outcome [41-44]. Various unadjusted 
and adjusted models are developed to predict the 
mortality risk (yes/no) of COVID-19 patients 
(Died/ Alive), incorporating with age, gender, 
antibiotics, vital signs and different comorbidities.  
The un-adjusted mode used as: 

Where “Mi” stands the dependent variable, as 
the mortality risk (yes/no) in COVID-19 patients 
(Died/Alive), “ꞵ0” stands the intercept, and “ꞵi” 
stands coefficients associated with covariate 
antibiotics“yi”. Three adjusted models used as:
i.	 “M1” as dependent variable, as the mortality 

risk (yes/no) in COVID-19 patients (Died/
Alive) against with coefficients associated with 
covariate, antibiotics, age and gender.  

ii.	 “M2” applied with dependent variable, as the 
mortality risk (yes/no) in COVID-19 patients 
(Died/Alive) against with covariate antibiotic, 
age, gender, respiration rate, temperature, 
oxygen saturation, blood pressure and pulse 
rate. 

iii.	 “M3” used the dependent variable, as the 
mortality risk (yes/no) in COVID-19 patients 
(Died/Alive), against with covariate antibiotic, 
age, gender, respiration rate, temperature, 
oxygen saturation, blood pressure, pulse rate, 
diabetes, BP, heart disease, kidney disease, 
asthma, TB, cancer, nervous disorder, allergies, 
HCV, Anemia, COPD and others comorbidities.

2.3. Decision Analysis 

The decision criteria for both adjusted and 
unadjusted models are as follows:
i.	 Statistically insignificant with low risk of 

mortality (ILRM).
ii.	 Statistically significant with low risk of 

mortality (SLRM).
iii.	 Statistically insignificant with high risk of 

mortality (IHRM).
iv.	 Statistically significant with high risk of 

mortality (SHRM).

2.4. Hypothesis Testing 

This study explores the relationship between 
mortality risk in COVID-19 patients and various 
predictors. To ensure methodological clarity and 
reproducibility, the statistical framework of the 
study is explicitly defined through the following 
hypotheses.

The statistical hypotheses of this study are:
•	 Null Hypothesis (H0): The estimated odds 

ratios are statistically insignificant for the risk 
of mortality at the 5% level of significance 
in COVID-19 patients for the predictors, i.e., 
antibiotics usage, vital signs and existing 
comorbidities. 

•	 Alternative Hypothesis (H1): There is a 
statistically significant association between the 
estimated odds ratios and the risk of mortality 
at the 5% level of significance in COVID-19 
patients for the predictors, i.e., antibiotics 
usage, vital signs and existing comorbidities.

3.    RESULTS

A distinct model is used simultaneously for each 
antibiotic. The coefficient represents the estimated 
change in the log-odds of the outcome variable 
associated with a one-unit change in the predictor 
variable. Positive coefficients suggest an increase 
in the odds, while negative coefficients suggest a 
decrease. The odds ratio (OR) represents the ratio 
of the odds of the event in one group to the odds 
of the event in another group. The 95% confidence 
interval provides a range within which we can be 
reasonably confident that the true value of the odds 
ratio lies. P-values and 95% confidence intervals 
(CI) is used to identified the significance of the 
results 

3.1. Comparisons of Azithromycin Models 

Table 1 provides coefficients, p-values, odds 
ratios (OR), and 95% confidence intervals (CI) 
for different models (M0, M1, M2 and M3) of the 
antibiotic Azithromycin across two levels (L1 and 
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L2). In the unadjusted model (M0), the odds ratio 
(OR) for the exposure variable Azithromycin at a 
low dose (L1) is determined to be 1.16, indicating 
an OR greater than 1. The corresponding 95% 
confidence interval (CI) ranges from 0.71 to 1.90 
(inclusive of 1) and coefficient is found as 0.15. 
An odds ratio greater than 1 suggests a positive 
association between the exposure variable and the 
outcome. For the response variable mortality (yes/
no), an OR greater than 1 implies that the odds of 
dying are higher in L1 compared to the other group, 
and it could indicate an increasing risk associated 
with L1. The odds of mortality risk are greater in 
the L1 being compared to the L2, and this might 
imply an increased likelihood of being died, but 
this association is statistically insignificant, as 
the reported p-value is 0.55. Similarly, in the 
case of a high dosage (L2), the exposure variable 
Azithromycin yields coefficient as -0.35, odds ratio 
values of 0.71, accompanied by a 95% confidence 
interval (CI) ranging from 0.52 to 0.97. An odds 
ratio less than 1 suggests a negative association 
between the exposure variable Azithromycin at L2 
and the outcome. 1t implies that the odds of dying 
are lower in L2 compared to the others group. It 
could indicate a protective effect (lower risk) of 
the mortality, and this association is statistically 
significant, as indicated by a p-value of 0.03.

In the case of model M1, administering L1 level 
of Azithromycin antibiotic yielded an odds ratio of 
1.17, with a 95% confidence interval (CI) in the 
range of 0.69 to 1.99, and coefficient as 0.16. These 
findings suggest an increasing risk associated with 
the L1, and it is statistically insignificant as p-value 
is found 0.56. For model M1, employing L2 level 

of Azithromycin, resulted in an odds ratio of 0.76, 
with a 95% CI of 0.54 to 1.08, p-v1lues of 0.13 
and slop is -0.26. These results indicate a potential 
protective effect (lower risk) of the mortality, 
and this association is observed statistically 
insignificant. 

In the case of M2, the OR for the L1 of the 
Azithromycin antibiotic is found as 1.17, with a 
95%CI of 0.69 to 2.00 and slope coefficient as 0.16. 
These findings indicate a potential risk or high risk 
of mortality in L1 compared with L2 for M2, and it 
is statistically insignificant as p-values are found as 
0.56. Similarly, for the L2 level of Azithromycin in 
M2, the OR is 0.76, and the 95% CI is from 0.53 to 
1.07) with p- value of 0.13, and slope coefficient 
as -0.27. These results suggest a potential 
protective effect (low risk of mortality), and this 
is statistical insignificant. In the case of model M3, 
the administration of a L1 level of Azithromycin 
antibiotic, yielded an odds ratio of 1.34, with a 95% 
CI of 0.74 to 2.43, p- values is found greater than 
0.05 and coefficient as 0.29. These findings indicate 
a statistically insignificant risk. For model M3 with 
a L2 level of the Azithromycin, the resulting odds 
ratio is 1.09, the 95% CI is lies between 0.74 and 
1.62, and slope as 0.09. These outcomes suggest a 
potential risk (high risk) both for L1 and L2, and it 
do not reach statistical significance as p-values > 
0.05 in both cases L1 and L2.  

The current statistical analysis suggests a 
statistically insignificant high risk of mortality 
(IHRM) for the unadjusted model (M0) and all 
adjusted models (M1, M2 and M3) for low dose. In 
the case of high dose, there is a potential protective 

Antibiotics Model Levels Coefficient P-Value OR
CI (95%)

DecisionLower 
Bound

Upper 
Bound

Azithromycin

M0

L1 0.15 0.55 1.16 0.71 1.90 IHRM
L2 -0.35 0.03 0.71 0.52 0.97 SLRM

M1

L1 0.16 0.56 1.17 0.69 1.99 IHRM
L2 -0.26 0.13 0.76 0.54 1.08 ILRM

M2

L1 0.16 0.56 1.17 0.69 2.00 IHRM
L2 -0.27 0.12 0.76 0.53 1.07 ILRM

M3

L1 0.29 0.33 1.34 0.74 2.43 IHRM
L2 0.09 0.66 1.09 0.74 1.62 IHRM

Table 1.  Odd ratio, confidence interval (CI) and slope coefficient for Azithromycin models.
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effect (low risk of mortality) for all models except 
M3, where it falls into the high-risk. The statistically 
significant p-value for L2 in the unadjusted model 
(M0) indicates a statistically significant low risk 
of mortality (SLRM). However, for adjusted 
models M1 and M2, it is found to be a statistically 
insignificant low risk of mortality (ILRM), and for 
adjusted model M3, it is an insignificant high risk of 
mortality (IHRM). The term insignificant implies 
that the observed effects may be due to random 
variability rather than a true association.

3.2. Comparisons of Ceftriaxone Models

Table 2 presents the results of the logistic 
regression analysis for the association between 
different levels of Ceftriaxone use and the odds of 
outcome, as indicated by the coefficients, p-values, 
odds ratios and corresponding confidence intervals 
(CI). For the antibiotic Ceftriaxone, at M0, both 
levels L1 and L2 exhibit coefficients, which are 
not statistically significant with p-values 0.26 and 
0.67, respectivrly, suggesting no significant impact 
of Ceftriaxone. Similar patterns are observed for 
M1, M2 and M3, indicating no substantial change in 
the odds of the outcome with use of Ceftriaxone. 
The 95% confidence intervals (include 1), further 
supporting the lack of statistical significance and 
implies uncertainty.

In case of Model M0 at L1, OR value is found 
as 0.82, that suggests a possible protective effect 
(low risk of mortality). The slope is found negative 
-0.19. For the L2, OR is reported as of 1.07, implies 
a possible risk (high risk of mortality). The positive 
slope coefficient is found as 0.06. For M1 at L1, 

OR is founds as 0.85, it is suggesting a potential 
protective effect (low risk of mortality). The slope 
is found negative with as values of -0.16. In similar 
case at L2, OR value is 1.01 indicates a potential risk 
(high risk of mortality). The slope is found positive 
with as values of 0.003. M2 shows the OR value is 
0.84 at L1, suggests a possible protective effect. The 
negative slope value is found as -0.16, while for L2, 
the OR value is 1.06, indicating a possible risk, the 
coefficient is found as 0.06. The OR of 0.78, and 
0.80 are found for M3 at L1 and L2, respectively, 
suggests a possible protective effect. 

In summary, both the unadjusted model (M0) 
and all adjusted models (M1, M2 and M3) show 
statistically insignificant results. The odds ratios 
and p-values consistently indicate an insignificant 
low risk of mortality (ILRM) at L1 for the 
unadjusted model (M0) and all adjusted models 
(M1, M2, and M3). However, at L2, the odds ratios 
and p-values reveal a statistically insignificant high 
risk of mortality (IHRM) for the unadjusted model 
(M0) and adjusted models M1 and M2. In the case 
of adjusted model M3, the results are reported as 
ILRM. The term insignificant implies that the 
observed effects may be due to random variability 
rather than a true association.

3.3. Comparisons of Tanzo Models

Table 3 shows the odd ratio, CI, and slope 
coefficient for Tanzo antibiotic. For model M0, L1 
of Tanzo antibiotic yielded an OR of 0.50 with a 
95% CI) in the range of 0.28 to 0.87. These findings 
indicate a protective effect (low risk of mortality) 
that is statistically significant with p-value is 0.01. 

Antibiotics Model Levels Coefficient P-Value OR
CI (95%)

DecisionLower 
Bound

Upper 
Bound

Ceftriaxone

M0

L1 -0.19 0.26 0.82 0.58 1.16 ILRM
L2 0.06 0.67 1.07 0.77 1.48 IHRM

M1

L1 -0.16 0.40 0.85 0.58 1.24 ILRM
L2 0.003 0.98 1.01 0.70 1.43 IHRM

M2

L1 -0.16 0.39 0.84 0.58 1.24 ILRM
L2 0.06 0.74 1.06 0.74 1.53 IHRM

M3

L1 -0.24 0.27 0.78 0.51 1.21 ILRM
L2 -0.22 0.30 0.80 0.52 1.22 ILRM

Table 2.  Odd ratio, confidence interval (CI) and slope coefficient for Ceftriaxone models.
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For model M0, the L2 resulted in an OR of 0.79 with 
a 95% CI of 0.56 to 1.13. These results suggest a 
potential protective effect (low risk of mortality), 
and not statistically significant as p-value is 0.20. 
All coefficients found negative except M3 for L2. 
In the case of model M1, the L1 and L2 of Tanzo 
antibiotic produced an OR of 0.56, 0.84; 95% CI 
from 0.31 to 1.03 and 0.57 to 1.24 with p-values 
of 0.06 and 0.39, respectivrly. Similarly, for M2, 
the L1 and L2 produced OR values of 0.59 and 
0.91, 95% CI from 0.32 to 1.08 and 0.61 to 1.34 
with p-values of 0.08 and 0.62, respectively. These 
results suggest a potential protective effect (low 
risk of mortality) for M1 and M2, and the findings 
are statistically insignificant. Concerning model 
M3, the L1 of Tanzo antibiotic generated an OR of 
0.68 and the 95% CI is from 0.35 to 1.33. These 
findings suggest a potential protective effect, and it 
is not statistically significant as p-value is greater 
the level of significance and 95% CI includes 1. For 
model M3, the L2 of Tanzo antibiotic produced an 
OR of 1.28 with a 95% CI in the range of 0.82 to 
1.99. These results indicate a potential risk (high 
risk of mortality), and it is statistically insignificant. 
All coefficients found negative except M3 for L2.

In summary, both the unadjusted model (M0) 
and all adjusted models (M1, M2 and M3) exhibit 
statistically insignificant results, except for the 
low dose (L1) in the unadjusted model M0, where 
a statistically significant low risk of mortality 
(SLRM) is observed. The odds ratios and p-values 
consistently indicate an insignificant low risk of 
mortality (ILRM) at L1 for all adjusted models 
(M1, M2 and M3). However, at L2, the odds ratios 
and p-values reveal a statistically insignificant low 

risk of mortality (ILRM) for the unadjusted model 
(M0) and adjusted models M1 and M2. In the case 
of adjusted model M3, the results are reported as 
IHRM. The term insignificant implies that the 
observed effects may be due to random variability 
rather than a true association.

3.4. Comparisons of Tienum Models

Table 4 shows the odds ratio, 95% CI, and slope 
coefficient for Tienum antibiotic. For each level 
of Tienum (M0, M1, M2 and M3), the coefficients 
represent the change in the log-odds of the outcome 
variable found negative for L1 (M1, M2 and M3), and 
positive for L2 (M1, M2 and M3). OR values found 
greater than 1 for L1 (M0) and L2 (M0) with values of 
1.02 and 1.35, respectively, indicating the possible 
risk, and found statistically insignificant. P-values 
of all models with 95% CI (includes 1), indicating 
that the results are statistically insignificant. For 
each level of Tienum (M1, M2 and M3), the OR for 
L1, is found 0.64, 0.66 and 0.51, respectively; while 
for L2, it is found 1.22, 1.43 and 1.45, respectively. 
These results show that there is a possible protection 
(low risk of mortality) for each level of Tienum 
(M1, M2 and M3) for L1, while possible risk (high 
risk of mortality) for L2 (M1, M2 and M3).

In summary, both the unadjusted model (M0) 
and all adjusted models (M1, M2 and M3) exhibit 
statistical insignificance for the antibiotic Tienum. 
The odds ratios and p-values consistently indicate 
a statistically significant high risk of mortality 
(IHRM) at L1 and L2 for unadjusted model (M0). For 
the low dose (L1), all the adjusted models (M1, M2 
and M3) produced ILRM, while for L2, it is reported 

Antibiotics Model Levels Coefficient P-Value OR
CI (95%)

DecisionLower 
Bound

Upper 
Bound

Tanzo

M0

L1 -0.70 0.01 0.50 0.28 0.87 SLRM
L2 -0.22 0.20 0.79 0.56 1.13 ILRM

M1

L1 -0.57 0.06 0.56 0.31 1.03 ILRM
L2 -0.16 0.39 0.84 0.57 1.24 ILRM

M2

L1 -0.52 0.08 0.59 0.32 1.08 ILRM
L2 -0.09 0.62 0.91 0.61 1.34 ILRM

M3

L1 -0.38 0.26 0.68 0.35 1.33 ILRM
L2 0.25 0.26 1.28 0.82 1.99 IHRM

Table 3.  Odd ratio, confidence interval (CI) and slope coefficient for Tanzo models.
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as IHRM. The term insignificant implies that the 
observed effects may be due to random variability 
rather than a true association.

4.    DISCUSSIONS

The present study provides a comprehensive 
evaluation of antibiotic usage (Azithromycin, 
Ceftriaxone, Tanzo, and Tienum) in relation to 
mortality risk using unadjusted and adjusted logistic 
regression models. The findings contribute to the 
ongoing debate regarding the clinical effectiveness 
and risk implications of empirical antibiotic therapy 
in COVID-19 management in Pakistan. In line with 
earlier research, the findings reaffirm the central 
role of vital signs in determining disease severity 
and patient characteristics outcomes. Previous 
studies by Islam et al. [17], Gul and Yucesan 
[18] and Spangler et al. [19] have highlighted 
the importance of indicators such as oxygen 
saturation, respiratory rate and body temperature in 
monitoring and predicting COVID-19 progression. 
By incorporating these variables into the adjusted 
models, the present analysis provides a more 
reliable estimation of mortality risk, underscoring 
the limitations of relying solely on unadjusted 
associations. The results for Azithromycin reflect 
the inconsistency widely reported in the literature. 
While some investigations have suggested that its 
use may contribute to improved recovery or reduced 
mortality [45, 46], other studies have found no 
meaningful clinical benefit [47, 48]. In the present 
study, associations between Azithromycin and 
mortality were not statistically significant. Although 
a slight protective trend appeared in unadjusted 
models at higher doses, this effect weakened 

after controlling for confounding variables. This 
indicates that earlier observed benefits may be 
attributed more to patient characteristics than 
to the drug itself, reinforcing concerns about its 
routine use without clear clinical indication. For 
Ceftriaxone, the analysis consistently shows no 
statistically significant relationship with mortality 
across all model specifications. This observation 
aligns with broader evidence indicating that the 
widespread use of antibiotics during the pandemic 
often as a precaution against secondary infections 
did not necessarily improve patient survival [30, 
31]. These findings emphasize the importance of 
promoting judicious antibiotic use, particularly in 
resource constrained settings where antimicrobial 
resistance is an increasing concern. The analysis 
of Tanzo presents an interesting pattern, where 
a significant protective effect is observed only 
in the unadjusted model at low doses. However, 
this significance disappears in adjusted models, 
indicating that the initial association was likely 
confounded by demographic or clinical factors. This 
pattern reinforces the methodological importance 
of multivariate adjustments in epidemiological 
modeling, as emphasized in logistic regression 
literature [41-44]. Tienum shows no statistically 
significant association with mortality risk across 
models, although a pattern of potential increased 
risk at higher doses is observed. These findings 
are important in the context of empirical antibiotic 
escalation strategies used during severe COVID-19 
cases. The absence of significant benefits, 
combined with potential risks, underscores the 
need for evidence based prescription practices. 
Overall, the dominance of statistically insignificant 
results across antibiotics suggests that antibiotic 

Antibiotics Model Levels Coefficient P-Value OR
CI (95%)

DecisionLower 
Bound

Upper 
Bound

Tienum

M0

L1 0.01 0.96 1.02 0.49 2.10 IHRM
L2 0.30 0.13 1.35 0.91 2.00 IHRM

M1

L1 -0.45 0.27 0.64 0.28 1.42 ILRM
L2 0.20 0.35 1.22 0.79 1.89 IHRM

M2

L1 -0.40 0.33 0.66 0.29 1.50 ILRM
L2 0.36 0.12 1.43 0.90 2.25 IHRM

M3

L1 -0.66 0.17 0.51 0.20 1.32 ILRM
L2 0.37 0.16 1.45 0.85 2.46 IHRM

Table 4. Odd ratio, confidence interval (CI) and slope coefficient for Tienum models.
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therapy alone is not a decisive factor in reducing 
COVID-19 mortality, particularly when adjusted 
for vital signs and comorbidities. This is consistent 
with global findings that COVID-19 is primarily a 
viral disease and antibiotics should be reserved for 
cases involving confirmed bacterial co-infections 
[30]. From a methodological standpoint, the study 
clearly demonstrates the value of progressive model 
adjustment. The transition from the unadjusted 
model to fully adjusted specifications illustrate 
how the inclusion of demographic characteristics, 
vital signs and comorbidities conditions refines 
the interpretation of associations. This approach 
is consistent with established statistical practices, 
which advocate for adjusted models to obtain 
more accurate and unbiased estimates [32-35]. The 
findings suggest that the prescription of antibiotics 
during COVID-19 should be undertaken with 
heightened caution, prioritizing decisions grounded 
in clinical evidence rather than routine or empirical 
use, especially during pandemic scenarios. The 
study further underscores the importance of 
integrating patients’ vital signs and pre-existing 
health conditions into clinical risk assessments, as 
these factors have a significant influence on patient 
outcomes. From a healthcare policy standpoint, 
it is essential for authorities to strengthen formal 
antimicrobial stewardship programs, aiming to limit 
unnecessary antibiotic use and curb the potential 
development of antimicrobial resistance over time.

5.    LIMITATIONS AND FUTURE
       RECOMMENDATIONS

This study provides insights into the role of 
antibiotics, vital signs and comorbidities as 
predictors of COVID-19 mortality using both 
unadjusted and adjusted logistic regression 
analyses, but it has some limitations. It relies 
on secondary data from the early pandemic 
period (February to August 2020), which may 
limit generalizability to later waves or different 
healthcare settings. The observational design 
prevents definitive conclusions about causality, as 
residual confounding and treatment selection bias 
may remain. Categorization of antibiotic doses use 
only in two steps as low and high groups, which 
may be extends in more dosing, standardized 
threshold and time span etc. Some models yielded 
non-significant results, possibly due to small 
sample sizes, measurement errors or unobserved 
patient heterogeneity. Key clinical factors, such as 

drug timing, infection severity and hospital level 
variations, were not considered. Future studies 
using larger, prospective datasets with more detailed 
clinical information are recommended.

6.    CONCLUSIONS

This research studying the COVID-19 patients in 
association with antibiotics, i.e., Azithromycin, 
Cefatriaxone, Tanzo, and Tienum, in association 
with vital measurements and underlying 
comorbidities effects to layout the comprehensive 
patient management and better treatment efficacies 
for the mortality risk (yes/no). The logistic 
regression model for one unadjusted model (M0) 
associated with antibiotics and three adjusted 
models as: M1 associated with antibiotics, gender 
and age, M2 associated with antibiotics, gender, 
age and vital measurements, and M3 associated 
with antibiotics gender, age, vital measurement 
and comorbidities are applied. Odds ratios (OR), 
95% confidence interval (CI) and p-value is used to 
examine determine the results using the secondary 
data of COVID-19 patients spanning from February 
to August 2020. Antibiotics are classified into two 
relative categories as: low dose (L1) and high dose 
(L2). The decision criteria for both adjusted and 
unadjusted models hinge on statistical significance 
and mortality risk. Insignificant models with low 
risk of mortality are categorized as ILRM, while 
significant models with low risk fall under SLRM. 
Insignificant models with high risk of mortality are 
termed IHRM and significant models with high risk 
are classified as SHRM.

For Azithromycin, the findings indicate IHRM 
for unadjusted model (M0) and adjusted models 
(M1, M2 and M3) for L1. The unadjusted model (M0) 
at L2 has SLRM, but adjusted models M1 and M2 
show ILRM, and M3 shows IHRM. For ceftriaxone, 
at L1, indicating ILRM for all models. However, at 
L2, unadjusted model (M0) and adjusted models M1 
and M2 suggest an IHRM, while adjusted model M3 
shows ILRM. In Tanzo, all models show statistically 
insignificant results, except for the unadjusted 
model (M0) at low dose (L1), which indicate SLRM. 
However, at L2, all models exhibit ILRM, except 
for adjusted model M3, where results are IHRM. 
The unadjusted model (M0) and adjusted models 
(M1, M2 and M3) show statistically insignificance 
for the antibiotic Tienum. The unadjusted model 
(M0) indicates a statistically insignificant high risk 
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of mortality (IHRM) at L1 and L2. The adjusted 
models (M1, M2 and M3) consistently reporting 
statistically insignificant high risk of mortality 
(IHRM) at L2, while at L1, they show statistically 
insignificant low risk of mortality (ILRM). This 
study can be extended to include others antibiotics 
and its various levels of doses. The research is 
supporting to healthcare professionals in predicting 
and managing vital signs and comorbidities 
variations for COVID-19 patient.
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Abstract: A popular non-parametric approach constantly employed in the estimation of probability density function 
(PDF) of data is kernel density estimation (KDE) and the technique is vital in several statistical methodologies because 
of its functionality in data analysis. This study assesses the efficacy and efficiency of new kernel family known as the 
new beta polynomial family (NBPF) kernels which is generated by additional power to the polynomial functional form. 
The numerical efficiency of the newly introduced kernel family improves substantially due to the integration of the 
functional modification. The efficiencies of the classical polynomial family decreases with increase in the polynomial 
power while the reverse is the case with the new family which demonstrates an exceptional improvement with increase 
in its power and also sustaining computational flexibility. A comparative assessment of the efficiencies of NBPF shows 
that it exhibits superiority over the existing beta kernel family (BKF), demonstrating their adaptability to modern 
techniques in probability density functions without rigid parametric assumptions. Again, a real data application of the 
NBPF reveals that the family possesses retention capacity of intrinsic characteristics of the dataset. The numerical 
improvement of the efficiencies of NBPF as well as the ability of NBPF to retain essentials statistical characteristics 
emphasise the importance of the NBPF in data analysis and data visualization.

Keywords: Bandwidth, Beta, Density, Estimation, Efficiency, Kernel.

1.	 INTRODUCTION

Kernel density estimation (KDE) is one of the vital 
non-parametric methods in statistics primarily for 
the estimation of probability density functions 
(PDFs) of random variables [1-3]. The classical 
parametric methods usually assume that data been 
evaluated belong to distributional group, whereas, 
KDE is void of distributional assumption but allow 
the observations to speak for themselves. The lack 

of distributional assumptions in KDE enhances 
more flexibility in the detection of complex features, 
particularly in real-life observations. Kernel 
estimation is greatly important in the analysis of 
data with no prior knowledge on the fundamental 
distribution by generating a smooth continuous 
density estimate over the entire datasets [4]. KDE 
usually generate a smooth curve that provides the 
information embedded in the data and also display 
statistical features such as peaks known as the 



modes of the data and troughs of the distributions. 
The analysis of data using the KDE strategy is 
vital in most data analytic techniques and of wide 
applications as well as a strong foundation in 
different fields. One of the importance of the KDE 
approach is that the knowledge derived is generic 
and can be extended to other smoothing setting. 
Again, the effectiveness of the KDE approach 
in several disciplines is due to the simplicity of 
extending the technique to other complex estimation 
methodologies.

The KDE methodology is a prominent tool 
in exploratory data analysis (EDA) and data 
visualization (DV) especially amid investigation of 
the statistical composition of dataset in reference 
to the underlying probability distribution. One of 
the essential benefits of KDE is the idea of non-
imposition of distributional assumptions on the 
observations which has resulted in widespread use 
of the approach on different datasets [5-7]. The 
occurrence of vehicular road accidents between 
2010 and 2020 which accounted for 30% of road 
traffic crashes as published by the European Union 
was analysed by Baranyai and Sipos [8] using 
kernel method by implementing the black-spot 
technique. Additionally, owing to the extensive 
applicability of KDE, the technique is of great 
utilization in identification of region having 
elevated data density in clustering analysis as well 
as bump hunting with significant uses in pattern 
identification and image editing [9]. More so, KDE 
has gained popularity in anomalies detection or 
outliers especially in estimation of underlying data 
distribution, affirming KDE as a veritable tool in the 
detection of fraud as well as network security [10, 
11]. The kernel approach is of great significance 
in estimation of income distribution, analysis of 
income inequality, and suitable policies formulation 
with recommendations [12]. The volatility of the 
stock market can be determined using the kernel 
technique in examining the frequent changes 
usually associated with the trading volumes in 
order to acknowledge the behaviour of the stock 
market. Fan and Cheng [13] investigated stock 
trading volumes with respect to market share and 
their probability distribution using KDE with the 
aid of long-term and short-term integration memory 
network strategies in modelling the dynamics of 
trading volume. The prevention of traffic accidents 
is critical to effective road management systems 
particularly, the identification of hotspots. In the 

study of Srikanth and Srikanth [14], hotspots in the 
city of Des Moines, United States, were identified 
with KDE for five consecutive years’ data from 2008 
to 2012. The identified hotspots were provided by a 
visual display of traffic crashes locations based on 
the statistical significance of their density estimates.

Heavy rainfall that is characterized by massive 
destructive winds and accompanied by snow 
is frequently experienced in Bangladesh which 
is located in Southern Asia due to the climatic 
irregularity and distinctive geographical position. 
The analysis of cyclone data was investigated by 
Tuya et al. [15] from 1960 to 2023 in Bangladesh 
using the KDE method by identifying areas that 
are prone to cyclones. The study furnished the 
government with invaluable knowledge to improve 
effective planning that mitigates the consequence 
of cyclones in the country. Lasocki [16] examined 
the application of KDE in seismology in which the 
magnitude was estimated as seismic variables with 
continuous distributions. Similarly, Pollard et al. 
[17] applied KDE in archaeological investigation 
of spatial analysis and the findings provided 
valuable insights into spatial archaeological results 
especially in Geographic Information Systems 
(GIS). Additionally, in clustering analysis, KDE 
approach is of great importance especially in the 
identification of areas having high density of data 
points. The KDE methodology has gain popularity 
in several fields of studies, such as road network, 
image editing, and pattern identification [18-20].

The extensive applications of the kernel 
approach are accompanied with numerous 
difficulties for effective implementation. The main 
problem associated with the KDE approach is the 
accurate selection of the bandwidth as well as the 
kernel function. The kernel estimator (KE) and 
kernel function (KF) are impacted by the choice 
of the bandwidth greatly however, with minimal 
impact on KF since most KFs are probability density 
function [21]. Despite the difficulties connected 
with accurate bandwidth selection, researchers are 
regularly introducing novel bandwidth selectors to 
improve KDE’s performance [22, 23]. Moreover, 
there is a decrease of the applicability of kernel 
technique in multivariate environment due to the 
phenomenon known as “curse of dimensionality 
effect” usually connected with non-parametric 
statistical estimation [24, 25]. This condition 
has given rise to the application of sophisticated 
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techniques capable of successfully addressing these 
challenges.

The introduction of modern methodologies 
into kernel approaches have largely contributed 
effectively to performance improvement especially 
in bandwidth selection, new kernel estimators, 
and extension of the kernel method in numerous 
disciplines [26]. Again, the introduction of 
modern computational techniques has addressed 
the problem of scalability in large datasets [27, 
28]. The performance and efficiency of a newly 
introduced beta polynomial kernel is examined in 
this study. The justification for the introduction 
of new kernel family is hinge on the need for 
improvement in kernel performance as well as 
efficient estimation techniques. The new kernel 
family promises improved performance, that is 
reduction of estimation error using the asymptotic 
mean integrated squared error (AMISE) as criterion 
function, and better efficiency in density estimation. 
The improvement of performance and efficiency 
of the novel beta kernel family is ascertained in 
comparison with the classical beta family.

2.	 MATERIALS AND METHODS

This study employed strategy geared towards 
the exploration of the efficacy and effectiveness 
of a novel kernel family in statistical density 
estimation. The kernel techniques are versatile 
and widely recognized especially in modelling 
probability density functions that do not require 
stringent parametric assumptions. This study 
assesses the efficacy and efficiency of NBPF in 
KDE, demonstrating their adaptability to modern 
methodologies in probability density functions 
without the rigid parametric assumptions. The 
proposed kernel family demonstrate a propitious 
behaviour and adaptability feature when evaluated 
within the interval support of [−1, 1]. Typically, 
the KDE technique is of widespread uses in non-
parametric estimation methods in modelling 
several events. Rosenblatt [29] proposed the 
kernel estimator, while Parzen [30] popularized its 
applications across multiple disciplines, particularly 
in exploratory data analysis and data visualization 
[2, 31]. Generally, the kernel’s closed form is:

(1)

In this context,  represent a kernel function,  
denotes the bandwidth that controls the estimates’ 
smoothness,  is the total observations,  refers 
to data variations and  denotes variables to be 
estimated [12]. Certain conditions are usually 
satisfied by this estimator, which are:

  (2)

A kernel function is typically symmetric, integrates 
to one with zero mean, non-zero moment, and is 
a PDF (probability density function). The two 
fundamental components in KDE are the selection 
of bandwidth and the choice of the kernel function. 
In terms of bandwidth selection, numerous 
researchers have introduced innovative selectors, 
whereas there has been limited investigation into the 
kernel function [1, 32]. The selection of bandwidth 
significantly influences the efficacy of the KDE, 
and a globally utilized evaluation performance 
metric in KDE is the mean integrated squared error, 
which is:

(3)

where  denotes kernel roughness,  
depicts the kernel moment and  
represents unknown function roughness [33]. The 
MISE has an asymptotic version, which is: 

(4)

The bandwidth with the minimum AMISE, as 
presented in Equation (4), is referred to as the 
optimal bandwidth and is given by:

(5)

The bandwidth value derived from Equation (5) 
yields the minimum AMISE. Accurate selection 
of the bandwidth is of great significance in KDE 
methodologies due to its smoothing role. Innovative 
techniques have been recently introduced to address 
the difficulties linked with accurate bandwidth 
selection [21, 34].

2.1. The Existing Beta Polynomial Kernel 
       Functions

There are different kernel families in density 
estimation but the beta kernel family is frequently 

	 Density Estimation and Efficiency	 63



used due to its unique mathematical tractability. 
The compact form of the beta kernel is:

(6)

Here is the input of the kernels, 
and p is the kernel order, which is two in this study 
[35]. The kernel orders typically refer to kernel 
moments, which are non-zero values, while the odd 
moments of kernels are equal to zero. Kernels that 
display negativity within their interval of support 
are typically not classified as second-order. The 
beta kernels are probability density functions that 
are assessed within the closed interval −1 ≤ t ≤ 
1. Certain kernel functions, including Uniform, 
Epanechnikov, Biweight, and Triweight kernels, 
have corresponding values of  ranging from 0 to 
3. As  approaches infinity, the resulting kernel 
converges to that of the Gaussian kernel [36]. 
The Epanechnikov kernel, characterized by 
, is considered optimal for the AMISE because it 
produced the least value which is:

(7)

Other members corresponding to  called 
Biweight, Triweight, and Quadriweight kernels, 
are:

                                    (8)

(9)

(10)

However; as  approaches infinity, the resultant 
is the normal kernel function that is not exactly a 
member of this family, and it is expressed as:

(11)

The commonly used kernels from the beta family 
in KDE include Equations (7) to (9), along with the 
normal distribution function, classified not firmly 
belonging this group. Other members derived from 
this family are rarely used because those with higher 
powers tend to be less efficient. The efficiency of 
these kernels is evaluated using the Epanechnikov 
kernel (EK), the first member of this family, which 
is regarded as optimal in reference to AMISE. 

Generally, the efficiency of kernel functions 
besides Equations (7) to (9) decline as the index 
of the generated function increases. The optimum 
efficiency for the function is typically equal to one, 
whereas other functions usually exhibit efficiencies 
that are less than one, with numerical values 
progressively decreasing. 

2.2.	 The New Beta Polynomial Family

The technique for the derivation of the new 
beta polynomial family (NBPF) is based on the 
modification of the additive construction approach. 
The modified additive construction rule is:

(12)

where p is the kernel order and  denotes the 
argument of the kernel. On letting  in 
Equation (6), we have Equation (13) given as:

(13)

Again, taking the derivative of Equation (13) with 
respect to , yields Equation (14), which is:

(14)

Furthermore, substituting Equation (6) and 
Equation (14) into Equation (12), we have: 

(15)
Further simplification of Equation (15) results in 
the new second-order kernel, which is:

(16)
The initial members of the newly proposed second-
order kernels are:

(17)

(18)

(19)
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(20)

Similarly, when  tends to infinity, the resulting 
normal kernel is: 

(21)

The bandwidth of both the traditional and proposed 
kernels, as well as the AMISE, demonstrates 
comparable orders. However, the proposed kernels 
exhibit remarkable qualities that distinguish them in 
performance. The proposed kernels meet the criteria 
for second-order kernels in Equation (2). Again, the 
advantage of the proposed method over its classical 
counterpart is the possession of additional powers 
that resulted in a high degree of differentiability, 
which significantly enhances their performance 
in terms of AMISE and efficiency. Polynomial 
kernels are of broader uses due to their ability of 
handling data with nonlinearity characteristics in 
data analysis [37]. In classification and regression 
methodologies, the kernel approached has been 
widely applied as noted by Liu and Xie [38], while 
Ngu et al. [39] presented a detailed assessment of 
the applications of kernel functions particularly 
with emphasis on regression and classification in 
the framework of sensors. 

2.3.	 The Efficiency of Kernel Function

Generally, kernel efficiency is often assessed in 
comparison with the Epanechnikov function. The 
kernel efficiency is derived from the established 
relationship defined as follows:

(22)

Here  denotes other 
kernel constants while  
is Epanechnikov kernel constant [36]. Equation 
(22) shows that determining the efficiency of 
a kernel function requires two key statistics: 
kernel roughness and kernel moment. The kernel 
roughness is defined by:

(23)

Again, the kernel moment, commonly known as 
variance, is:

                                       (24)

Typically, the AMISE optimum kernel of the 
proposed family is also Epanechnikov kernel (EK), 
as it yields a minimal value as the conventional 
kernels.

3.	 RESULTS AND DISCUSSION

To evaluate the effectiveness of the new beta kernel 
family, the study employed both simulated and 
real-world data. Application of the NBPF to real-
world data of the old faithful geyser is done for 
practical implementation [2]. The achievement of 
NBPF was compared to that of BKF using AMISE 
as a performance metric. This metric provides 
a quantitative basis for measuring the accuracy 
and efficiency of the new kernel function. The 
numerical computations and the graphical analysis 
were performed using Mathematica version 12.3 
software. This study examines the statistical 
properties of Epanechnikov, Biweight, Triweight, 
and Quadriweight kernels because they serve as 
foundational kernel members for a comprehensive 
discussion, particularly the optimum kernel 
function, in the evaluation of efficiencies of 
other functions within this family of kernels. The 
efficiency of kernels can be used as an assessment 
of their performance.

The efficiency values were calculated for both 
the NBPF and BKF kernels. The efficiencies of the 
NBPF and BKF kernels are presented in Table 1 
with the results obtained being compared with EK 
as the optimum kernel. NBPF displayed superior 
efficiencies over BKF kernel family comparatively, 
demonstrating their dominance and effectiveness 
over the traditional BKF family. The noticeable 
improvement in efficiencies of the proposed NBPF 
kernels is ascribed to the degree of the constant of 
normalization as well as the functional modification 
incorporated into the NBPF family. The coefficient 
of any beta kernel is typically the normalization 
constant which contributes significantly to the 
performance and numerical values of the efficiency. 
The optimum kernel is the Epanechnikov function, 
hence its efficiency value is always one while 
other members of the traditional BKF kernels 
exhibited numerical values that are less than one 
as their efficiencies. Table 1 illustrates that as the 
power of the kernel increases, the efficiency of the 
proposed NBPF kernels also rises, in contrast to 
the decreasing efficiency observed in conventional 
BKF kernels. The enhanced efficiency of the NBPF 
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functions is linked to their larger normalization 
constants and the functional modifications, hence 
more effective than traditional BKF functions. 
Figures 1 and 2 are the graphical representations of 
the conventional BKF and newly introduced NBPF 
kernels, respectively. The plots of both NBPF and 
BKF were evaluated in a specified interval of −1 
≤ t ≤ 1. All beta polynomial kernels are typically 
analyzed within this interval, and statistical 
components such as kernel roughness and moment 
are numerically computed within this interval in the 
determination of bandwidths and kernel efficiency. 
The efficiency of the existing BKF is denoted by  
Eff (KBKF) while the efficiency of NBPF is denoted 
by Eff (KNBPK) in Table 1 respectively.

The AMISE of the simulated data of 6000 
as the sample size for both BKF and NBPF is 
presented in Table 2. The results in Table 2, in terms 
of AMISE as a metric of performance, suggested 
that the NBPF kernels are more effective than 
BKF. An increase in kernels’ power leads to graphs 
with narrower peaks, as shown in Figures 1 and 
2, and both plots illustrate the characteristics of 
the conventional BKF and proposed NBPF kernel 
functions regarding peakedness. The estimates 
derived from the traditional BKF Epanechnikov 
function and Biweight kernel are classified as 

platykurtic, as they exhibit a wider peak. In contrast, 
the newly introduced NBPF exhibit leptokurtic 
behaviour, especially at higher powers with more 
acute peaks. The level of differentiability of the 
kernel serves as the primary factor in determining 
the peakedness of the kernel, as illustrated in graphs 
featuring higher-degree polynomials in Figure 2 of 
the NBPF. Kernel functions characterized by higher 
degrees possess more derivatives and substantial 
normalization constants, which typically result 
in graphs that exhibit acute peaks with enhanced 
quality kernel estimates.

One of the main applications of kernel density 
estimation is the exploration of obscured or hidden 
features in a dataset [40]. Statistical properties 
such as skewness and modes in a dataset are 
easily revealed by KDE while in some cases, KDE 
do provide invaluable insights that would give 
essential information for additional investigation. 
The identification of the underlying statistical 
properties of a dataset through a smooth curve of 
the data is a fundamental role of KDE, and this 
is vital in understanding the intrinsic nature of 
the observations, thereby providing information 
for making decisions. This study investigated the 
Old Faithful Geyser data which comprises 107 
observations with emphasis on the durations of 

Kernel Functions Traditional BKF Proposed NBPK 

Epanechnikov 1.000 1.000

Biweight 0.994 1.072

Triweight 0.987 1.159

Quadriweight 0.981 1.227

Table 1. Traditional BKF efficiencies and proposed NBPF efficiencies.

Kernel Functions AMISE of BKF AMISE of NBPF 

Epanechnikov 0.000559711 1.000 0.000264222 1.000
Biweight 0.000776042 0.994 0.000294581 1.072
Triweight 0.000852696 0.987 0.000323289 1.159
Quadriweight 0.000952354 0.981 0.000353209 1.227

Table 2. AMISE and efficiencies of BKF with NBPF using a sample size of 6000.
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eruption in minutes [2]. The kernel estimates of 
the real data as seen in both the BKF and NBPF 
demonstrate bimodality as presented in Figures 3 
and 4 by Epanechnikov kernel (EK) and Biweight 
kernel (BK), respectively. The results reveal that 
there are two unique clusters in times of eruption 
with focus at 1.9 minutes and 4.5 minutes, 
respectively. This bimodal characteristic implies 
that the duration of the eruption can be influenced 
by several indispensable factors. 

The visualization of the data using the KDE 
approach has established its usefulness in capturing 
features in the data with the bimodality being 
evidenced. The bandwidth employed in constructing 
the kernel estimates of the BKF and NBPF in 
Figures 3 and 4 is obtained by standardization of the 
data, and the bandwidth is 0.437. The bimodality of 
the real data as evidenced in Figures 3 and 4 which 
are estimates of BKF and NBPF is a validation of 
the proposed NBPF functions in preservation of 

Fig. 1. The plots of traditional (BKF) second order beta kernel family.

Fig. 2. The plots of proposed (NBPF) second order beta kernel family.
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vital statistical characteristics. The estimates of the 
proposed NBPF of Epanechnikov and Biweight 
kernels exhibit similarity but the traditional BKF 
Biweight estimate display a sharp presentation of 
the modes. The retention of inherent features of 
a dataset is essentially based on the appropriate 
selection of the bandwidth as well as the kernel 
function. The vital responsibility of revealing 
inherent statistical features in a dataset has been 
corroborated by the proposed NBPF functions.

4.	 CONCLUSIONS

The proposed kernel family are versatile in density 
estimation, effective in data analysis as authenticated 
by the AMISE, and superior efficiency values. The 
versatility of the proposed kernels is particularly 
noticeable in the AMISE as well as the efficiencies. 
The incorporation of the functional form gives high 
level of smoothness that guaranteed their wide 
applicability across the spectrum of many statistical 
fields. Selection of kernel function typically 
depends on level of smoothness of its estimates, 
and the degree of differentiability of the function. 
Kernel functions with higher degree usually 
generate smoother estimates because they can be 
differentiated continuously, while noisier estimates 
are often produced by kernels with lower degrees 
of differentiability. The outcomes of the research 
show that NBPFs outplay BKFs with reference 
to AMISE and efficiency. The improvement in 
performance of both AMISE and efficiency of the 
new kernel family is attributed to the magnitude 
of the coefficients of the kernel functions and the 
structural modification of the functional form.
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Abstract: Today, technologies like ChatGPT and Google Translate are utilized for translating text and enabling smooth 
exchange of information. Urdu is the national language of Pakistan, while English serves as the official language and 
the primary medium of communication in schools and workplaces. Since people commonly speak Urdu, they often 
use machine translators for English to Urdu and Urdu to English translation. These machine translators can produce 
translations with a diverse vocabulary but sometimes their translations are not contextually correct or fully reliable. 
Therefore, it is essential to evaluate the translation outputs of the machine translators. The prime objective of this paper 
is to compare the performance of machine translation systems at the paragraph level, enabling users to identify the 
most effective one. In this research, Google Translate and ChatGPT-3.5 were used as translation tools to translate text 
between English and Urdu in both directions. The texts were selected from different categories, such as historical texts, 
poetry, literary works, novels, and legal documents. The machine translation systems translated English text into Urdu, 
and the generated outputs were compared and assessed by authors. Similarly, Urdu text was translated into English, 
and the resulting translations were compared and assessed by authors. We assessed and compared the translated 
outputs based on phrasing style, linguistic accuracy, and contextual meaning. To ensure a reliable comparison, we 
calculated the BiLingual Evaluation Understudy (BLEU) and Metric for Evaluation of Translation with Explicit 
ORdering (METEOR) scores of the translations generated by these translation tools. Based on our analysis and BLEU 
and METEOR scores, we concluded that the performance of ChatGPT-3.5 is better than Google Translate.

Keywords: Machine Translators, Chat GPT, Google Translate, English-Urdu Language, Urdu-English Language, 
Evaluation Metrics, BLEU, METEOR.

1.   INTRODUCTION

Pakistan is a multilingual country where numerous 
languages are spoken as native tongues. Urdu is 
the national language of Pakistan, and the official 
language of Pakistan is English. According to 
Ethnologue [1], Urdu ranks as the eleventh most 
extensively spoken language globally, with a total of 
246 million speakers including those who use it as 
a secondary language and approximately 1.5 billion 
people around the world speak English. According 
to international center for language studies [2], even 

though English is the most widely spoken language 
globally, only 25% are native speakers, while the 
rest have acquired it as a second language. Almost 
all online media is in English, with over half of all 
websites (52.1%) using it for their content.

As English is the official language, and school 
textbooks are written in English. However, since 
students primarily speak Urdu, they often rely on 
machine translators to write essays or assignments 
in English language. They also frequently use these 
tools to comprehend English-language content. 



To gain a deeper understanding, they translate 
entire paragraphs rather than isolated sentences. 
This research evaluates the accuracy of machine 
translators at the paragraph level, as opposed to 
single-sentence translations, to better reflect the 
above requirement. Moreover, nowadays people 
from Pakistan are relocating and migrating to other 
countries for their jobs and business. Students are 
travelling to other countries for their studies. They 
are required to understand and communicate in 
different languages, so they have to use translators. 
Owing to the need for instant translations, they 
use machine translators for effective exchange of 
information. The translation generated by these 
machine translators is of high quality and employs 
diverse synonyms; however, it is not always correct 
and dependable. There is a need to assess the 
accuracy of their generated translations. Once users 
are aware of the accuracy levels, it will be easy for 
them to choose the most reliable translator.

This research aims to conduct a comparative 
evaluation of the translation outputs produced by 
ChatGPT-3.5 and Google Translate to help people 
to select the best one. The ChatGPT-3.5 model and 
Google Translate were used in this research. We 
opted for ChatGPT due to the significant attention 
it has recently received, while Google Translate 
was chosen because of its widespread popularity. 
To evaluate we gave a set of English paragraphs 
as input to these translators and compare the 
quality of their outputs (i.e., Urdu translations) 
using evaluation metric BiLingual Evaluation 
Understudy (BLEU) and Metric for Evaluation of 
Translation with Explicit Ordering (METEOR). 
Similarly, we checked their performance for Urdu 
to English translation. In literature, most of the 
research to evaluate the performance of machine 
translators has focused on using sentences rather 
than paragraphs. For example, Malik and Habib [3] 
used seven different sentences, not paragraphs, to 
assess machine translators in their study. Similarly, 
Ghassemiazghandi [4] evaluated ChatGPT’s 
performance for Persian-to-English translation 
using sentence-level assessment. In this study, we 
mainly focused on using paragraphs instead of 
individual sentences. We conducted a comparative 
evaluation of translations produced by ChatGPT-3.5 
and Google Translate with respect to contextual 
relevance, phrasing style, and word choice using 
expert human translations as a benchmark. To 
validate our analysis, we also calculated the BLEU 

and METEOR scores of each generated translation 
to determine which system performed better. To 
the best of our knowledge, this work is unique in 
evaluating and comparing the translation quality 
of paragraphs rather than individual sentences for 
English to Urdu and Urdu to English translations.

2.    MATERIALS AND METHODS 

We used ChatGPT and Google Translate in this 
research. These state-of-the-art technologies are 
described in this section.

2.1. ChatGPT

According to Biswas [5], due to the fast progress in 
the field of Artificial Intelligence (AI) and Natural 
Language Processing (NLP), highly sophisticated 
language models have been developed, such 
as ChatGPT, which is a large language model 
developed by OpenAI. This model employs deep 
learning techniques to interpret and generate text 
that is very similar to the human communication. 
ChatGPT is built using transformer architecture, 
which enables it to produce responses in a 
conversational manner. As it can produce text in a 
human style, it holds significant potential to impact 
areas such as healthcare, research, and language 
translation, as explained by Biswas [6].

2.1.1.  A transformer-based architecture

ChatGPT (Generative Pretrained Transformer) was 
created to overcome the constraints of previous 
language processing techniques, such as Recurrent 
Neural Networks (RNNs) and Convolutional 
Neural Networks (CNNs), as discussed by Ray 
[7]. ChatGPT utilizes transformer models, which 
allow it to recognize patterns and grammatical 
structures of languages. The transformer is a neural 
network framework that employs a self-attention 
mechanism. This architecture has two principal 
advantages. First, it is highly effective at applying 
context in language processing tasks. For example, 
when a sentence is processed, the meaning of a 
word or phrase may vary considerably depending 
on its context, which can be difficult to capture 
by using only conventional grammatical rules 
because it also relies on the functional relationships 
between the words. The self-attention mechanism 
in the transformer, however, enables the model 
to incorporate contextual information in a data-
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driven manner. Second, the transformers permit 
substantial parallelization and can attain cutting-
edge translation accuracy after just 3.5 days of 
training on eight GPUs, as investigated by Vaswani 
et al. [8]. 

2.1.2.  How ChatGPT is trained

ChatGPT is trained on massive volumes of text 
data, including web content, articles, and books, 
enabling it to generate grammatically correct and 
contextually appropriate output. A brief overview 
of ChatGPT’s training process is presented here. 
According to Memon [9], the model’s training 
occurs in the following three stages.

1.	 Generative Pre-Training
2.	 Supervised Fine-Tuning (SFT)
3.	 Reinforcement Learning through Human 

Feedback (RLHF)

Stage 1: Generative Pre-Training

At the first stage, the model is trained on a vast 
collection of textual data gathered from across the 
internet, including content from books, magazines, 
articles, and other sources. The dataset covers a 
wide range of genres and subjects, enabling the 
model to produce text in diverse linguistic forms 
and contextual backgrounds. Stage 1 equips the 
model with general language capabilities such 
as summarizing text, completing sentences, 
translating content, and analyzing sentiment, but 
it is not specialized in doing a particular task. For 
instance, the model performs well in summarizing 
lengthy articles into concise versions. However, 
at this stage, it cannot engage in topic-specific 
conversations with humans, even though it excels 
in general language processing.

Stage 2: Supervised Fine-Tuning

Supervised Fine-Tuning (SFT) represents the 2nd 
stage of ChatGPT’s training. In this phase, the 
model is trained to perform specific tasks, such 
as engaging in conversational dialogue. Until this 
point, ChatGPT’s knowledge is only limited to the 
data on which it has been trained. You can think 
of it as having a small snapshot of the world in 
its “brain.” So, if you ask it something outside of 
what it has learned, it may give a wrong or any 
unpredictable answer.

Stage 3: Reinforcement Learning through 
Human Feedback (RLHF)

This is the third stage of training. In this stage, the 
model undergoes additional training to respond to 
queries it was not explicitly taught. This stage uses 
reinforcement learning, where the model is guided 
by a reward system and receives feedback from 
humans to improve its responses. During the third 
stage of training, a human agent was also involved 
to guide the process of reinforcement learning. This 
is why it is referred to as Reinforcement Learning 
with Human Feedback (RLHF). 

2.1.3. How ChatGPT performs language 
          translation

ChatGPT is not intended solely for translation, but 
its ability to follow complicated instructions makes 
it a valuable tool for translation, as noted by Siu 
[10]. ChatGPT can facilitate seamless interaction 
between people communicating in different 
languages. For example, if a user’s primary 
language is Urdu, he can enter text in Urdu, and 
ChatGPT will generate an immediate translation in 
the target language. Below is a concise description 
of ChatGPT’s translation process.

As described earlier, the training of ChatGPT 
consists of three stages. The pre-training and fine-
tuning phases equip the model with language 
translation abilities. In the pre-training phase, the 
model learns from a large collection of multilingual 
data, which helps it to understand general linguistic 
patterns. Then, in the fine-tuning stage, ChatGPT 
is trained using aligned sentence pairs in different 
languages, such as English and Urdu, to perform 
specific translation tasks. The model then learns 
to generates translations by predicting the most 
appropriate output sentence based on the input. 
While its translations are generally accurate, it 
occasionally struggles with complex texts, such as 
literary content.

2.2. Google Translate

Google Translate is a machine translation 
service which is developed by Google to provide 
translations between different languages. It enables 
direct translation of text from one language to 
another, as discussed by Boitet et al. [11]. As of 
2022, Google Translate provided a free automated 
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translation service for 133 languages [12], including 
Urdu. The translation service uses Neural Machine 
Translation (NMT) framework. Furthermore, it is 
widely used, with over 500 million daily users and 
approximately 100 billion words translated each 
day [13]. The widespread use of Google Translate 
has led to a decline in the use of traditional digital 
dictionaries, the researchers who study English 
as a Foreign Language (EFL) course at a Chilean 
high school suggested to employ Google Translate 
to assist students in enhancing their syntax and 
grammar, as discussed by Chang et al. [14]. 
Similarly, Tsai’s study [15] also emphasized the 
effectiveness of Google Translate in reducing 
typing errors and producing longer texts.

2.2.1.  Google translate architecture

As explained by King [16], Google Translate’s 
translation system processes information in a 
manner similar to the human brain: it ingests data, 
encodes it, situates it within a context, and then 
re-encodes it to produce an output. The Google’s 
Neural Machine Translation (GNMT) system 
architecture includes an encoder, a decoder, and an 
attention mechanism. In the encoder, the bottom 
layer operates bidirectionally, with the green nodes 
processing words from right to left and the pink nodes 
processing words from left to right. To accelerate 
training, the model is distributed across multiple 
GPUs. The system has eight Long Short-Term 
Memory (LSTM) layers each in the encoder and 
decoder, as illustrated in Figure 1 by Wu et al. [17].

2.2.2. Working principle of Google Neural 
          Machine Translation 

The Google’s Neural Machine Translation 
(GNMT) system uses its encoder, decoder, and 
attention module to perform language translation. 
For example, translating a sentence from English 
to Urdu involves the following steps, as illustrated 
in Figure 2.
1.	 The English sentence is fed into the encoder, 

where it is converted into a fixed-length vector 
that can only be understood by a computer.

2.	 Then the attention mechanism then determines 
which English words should be assigned 
greater weight to produce the corresponding 
Urdu words.

3.	 Finally, the decoder generates the Urdu 
translation one word at a time, by focusing 
its attention on the words determined by the 
attention mechanism.

	
2.3. Research Methodology

For the present study, we selected 14 different 
paragraphs and 2 idiomatic sentences to assess and 
compare the accuracy of translation of ChatGPT and 
Google Translate. In order to generalize the results, 
we selected paragraphs from different genres, 
for instance, historical texts, poetry, literary and 
religious writings, and legal texts. Each paragraph 
consists of approximately 3 to 4 sentences. We took 
texts from history, poetry, novels, and literature 
because English in these genres is often complex. 

Fig. 1. Model architecture of Google Translate.
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In contrast, we selected texts from articles, 
textbooks, and newspapers because they usually 
contain simpler language. All texts have been 
collected from reliable sources such as textbooks 
(e.g., Punjab Textbook Board), published novels, 
and newspaper articles. Although these machine 
translators can translate English language into 
several other languages, but we mainly focused on 
English and Urdu languages because of the large 
number of English language users in Pakistan who 
rely on these tools for various purposes.

The methodology used in this research is 
illustrated in Figure 3. English text was input 
into ChatGPT-3.5 and Google Translate to obtain 
Urdu translations. The BLEU and METEOR 
scores were calculated for each translation. The 
authors then assessed the accuracy of generated 
translations with respect to context, selection of 
words, and phrasing style, in comparison with 

professional human translations and compared the 
BLEU and METEOR scores to determine which 
system performed better. The same approach was 
applied to assess the accuracy of Urdu-to-English 
translations. We translated each paragraph multiple 
times with both ChatGPT-3.5 and Google Translate 
and used the more accurate translation for analysis.
                                        
2.4.  Dataset

The dataset consists of 14 different paragraphs 
and 2 idiomatic sentences. These paragraphs were 
selected from various genres, such as history, 
poetry, etc. We also included human translations 
for each paragraph to use as reference texts for 
evaluating the translation quality of machine 
translation outputs and for calculating BLEU and 
METEOR scores. These human translations were 
carefully prepared by professional translators who 
are proficient in the target language.

Fig. 2. The language translation process of the Google Translate.

Fig. 3. Layout of the research methodology.
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2.5.  Performance Metric

As we are assessing the translations of paragraphs 
which consist of several lines. In addition to 
human observation, we incorporated an automatic 
evaluation method to enhance the credibility and 
reliability of machine translation assessment. 
Specifically, we used BLEU and METEOR as 
an evaluation metric to compare the accuracy of 
machine translators for English to Urdu translation 
and vice versa. According to the rule, the machine 
translator that achieved higher METEOR and 
BLEU score will be considered more accurate. 
This is the essence of the evaluation of machine 
translators.

2.5.1.  BLEU

BLEU stands for BiLingual Evaluation Understudy. 
The BLEU is an algorithm to assess the quality of 
translated text that is translated from one natural 
language to another. According to Papineni et al. 
[18], the core idea behind BLEU is the quality of 
the translation increases when it looks more similar 
to the professional human translation. The output 
value of BLEU always lies between 0 and 1. This 
value indicates the degree of similarity between 
the reference translation (i.e., human translation) 
and candidate sentences (i.e., machine translator 
output). The machine translation that exhibits a 
higher resemblance to the reference translation got 
value closer to 1. A higher BLEU score shows better 
quality of machine translation system as described 
by Ayesha et al. [19].

2.5.1.1. N-grams in bleu score: 

To calculate the BLEU score we used NLTK 
(Natural Language Toolkit), a popular open-source 
library for Natural Language Processing (NLP) in 
Python, which allows to set the value of n-grams in 
the calculation of the BLEU score. Here ‘n’ is the 
set of consecutive words in a sentence. We can have 
n-grams as unigram (1-gram), bigram (2-gram), 
and trigram (3-gram) depending on the length of 
sentence. For example, for a sentence “The water 
is colorless”, we can have n-grams as:
•	 1-gram (unigram): The unigram approach 

focuses only on individual word matches during 
comparison between the machine translation 
and human translation, e.g., “The”, “water”, 
“is”, “colorless”.

•	 2-gram (bigram): The bigram approach 
considers matches of two consecutive words 
during comparison between the machine 
translation and human translation, for example, 
“The water”, “water is”, “is colorless”.

•	 3-gram (trigram): The trigram approach 
considers matches of three consecutive words 
during comparison between the machine 
translation and human translation, for example, 
“The water is”, “water is colorless”.

•	 4-gram: The 4-gram approach considers 
matches of four consecutive words, for 
example, “The water is colorless”.

2.5.1.2. How bleu score is calculated: 

BLEU uses a modified form of precision to measure 
how closely the predicted text matches the reference 
text. The BLEU precision score can be determined 
using the following formula,
P = mmax /Wt
Where P is precision value of BLEU, mmax is 
the number of words found similar in reference 
sentence and predicted text and Wt is total number 
of words in predicted sentence.
To explain how BLEU score is calculated assume 
two sentences. A predicted text generated by a 
machine translator and a reference text which is a 
human translated text.
•	 Reference Text: Our guest arrived late because 

it was raining
•	 Predicted Text: Our guest arrived late because 

of the rain
The unigram calculation focuses on individual 
word match. In the following example, out of 8 
words in the predicted text 5 words are correctly 
matched with the reference text. So, the total 
similar words (mmax) between predicted sentence 
and reference sentences are 5, and the number of 
words in predicted sentence (Wt) is 8. Thus, using 
the BLUE formula gives us the precision value of 
0.625 for this predicted sentence.
Example:

Here in our code, we used a unigram and bigram 
approach with smoothing function to get  a more 
reliable BLEU score when the predicted text of a 
machine translator is short or has missing n-grams.
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2.5.2.  Meteor

METEOR stands for Metric for Evaluation of 
Translation with Explicit ORdering, is a metric used 
to measure the quality of translation generated by 
machine translators. The METEOR was developed 
at the Carnegie Mellon University, Pittsburgh, USA 
as described by Banerjee and Lavie [20]. Unlike 
BLEU, which primarily focuses on Precision, 
the METEOR is the more balanced approach as 
it considers both PRECISION AND RECALL. 
Recall evaluates how effectively the candidate 
translation includes all the words or information 
from the reference translation. This comprehensive 
approach enables METEOR to offer a more well-
rounded assessment of translation quality.   

One of the key strengths of the METEOR 
score is its ability to look beyond exact word 
matches. It includes stemming, which simplifies 
words to their base forms (e.g., “clapping” 
becomes “clap”), and synonym recognition (e.g., 
“quick” and “fast”), which treats similar words as 
valid matches. This helps METEOR better handle 
differences in language, such as varying word 
forms or different ways of saying the same thing. 
Assume the following reference translation Our 
guest arrived late because it was raining and 
candidate translation Our guest came late because 
of the rain.
•	 Exact Match: “Our”, “guest”, “late”, “because”
•	 Stemming: “raining” and “rain”
•	 Synonym: “arrived” and “came”
The METEOR aligns these matches and then 
calculates the score that reflects the quality of 
translation. We calculated the METEOR score 
by using Natural Language Toolkit (NLTK), a 
popular open-source library for Natural Language 
Processing (NLP) in Python.

3.    RESULTS AND DISCUSSION

As we discussed, we used different types of 
paragraphs in this research to assess the translation 
quality of machine translation systems. In this 
section, we included one example of Urdu to 
English translation and one example of English to 
Urdu translation in tabular form (other examples 
are given in supplementary file, Tables S1-S14). 
Each table presents the selected text in its original 
form, the translation generated by ChatGPT, the 
translation produced by Google Translate, BLEU 

and METEOR scores of both machines, and the 
translation by a professional human. In this section 
we presented our analysis and comparison about the 
accuracy of translations generated by ChatGPT-3.5 
and Google Translate. We also validate our analysis 
with the help of the BLEU and METEOR score of 
both translators. 

The text presented in Table 1 is an example 
of Urdu to English translation taken from the 
Pakistan studies book of Punjab textbook board 
[21]. According to our analysis the translation 
generated by ChatGPT is correct, however, the 
translation of the last sentence produced by Google 
Translate “Humans are obligated to enter Islam and 
perform the duties that Allah has imposed on them” 
is incorrect. This translation shows that humans are 
forced to enter Islam and perform religious duties, 
whereas the correct meaning should be humans are 
bound to pay duties of Allah after they have entered 
Islam. This intended meaning is also reflected in 
the human translation provided by professional 
translator. The Google Translate’s version appears 
to force humans to enter Islam which is not true. 
Moreover, if we compare the BLEU and METEOR 
scores of ChatGPT and Google Translate presented 
in Table 1, we noticed that ChatGPT got more 
score than Google Translate. Therefore, based on 
our analysis and the BLEU and METEOR scores 
it is concluded that ChatGPT performed better than 
Google Translate.

The text in Table 2 is an example of English 
to Urdu translation taken from the book Genghis 
Khan: The Emperor of All Men by Lamb [22]. We 
observed that neither translation is fully accurate, 
as both contain errors. They fail to fully convey the 
intended meaning of certain lines in this text. For 
instance, the translation of the sentence, “Children 
of this corner of the northern Gobi were not hardened 
to suffering; they were born to it,” is incorrect. The 
correct version is provided in the human translation 
provided by professional translator. Additionally, 
Google Translate was unable to translate some 
words into Urdu instead generated them as it is. For 
example, the meaning of the word Reed-bordered 
is present in Urdu language as 
but Google Translate rendered the English word 
in Urdu script as  instead of translating 
it. However, ChatGPT accurately translated 
Reed-bordered as  and correctly 
captured the meaning of winged creatures as .
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If we compare the BLEU and METEOR scores 
of ChatGPT and Google Translate presented in 
Table 2, we noticed that ChatGPT achieved higher 
scores than Google Translate. Therefore, based on 
our analysis and the BLEU and METEOR scores it 
is concluded that ChatGPT performed better than 
Google Translate.

3.1.  Summary of Discussion

The results of the analysis can be summarized as 
follows:

1.	 Overall, ChatGPT performed better than 
Google Translate.

2.	 Out of 16 paragraphs (Annexure A), ChatGPT 
had higher BLEU and METEOR scores for 
8 translations, Google Translate performed 
better for 5, and both had the same scores for 

the remaining 3. Therefore, ChatGPT generally 
outperformed Google Translate.

3.	 ChatGPT’s average BLEU score is 0.370, while 
Google Translate’s is 0.353, as shown in Figure 
4. Similarly, ChatGPT’s average METEOR 
score is 0.322 and Google Translate’s average 
METEOR score is 0.313, as presented in Figure 
5.

4.	 It was observed that ChatGPT sometimes 
introduces extra content in its translations that 
are not present in the original text.

5.	 We noticed that ChatGPT improves its 
translation quality by learning from users’ 
feedback; whereas Google Translate produces 
the same translation every time. We observed 
that AI-powered translators perform well when 
translating simple paragraphs, such as news 
articles. However, they struggle with complex 
texts, such as idioms.

Original Text

ChatGPT Translation In Islam, great emphasis has been placed on rights. The Islamic state is held responsible 
for ensuring the rights of its citizens. Allah Almighty has given clear guidelines in 
the Holy Quran, and Prophet Muhammad (peace be upon him) has provided explicit 
instructions in his noble hadiths regarding the rights of citizens. Humans have been 
bound to fulfill the duties imposed upon them by Allah after entering Islam.

ChatGPT 
Score

BLEU 0.5

METEOR 0.216

Google Translation Islam places great emphasis on rights. And the Islamic state is responsible for the 
rights of its citizens. Allah Almighty has given clear instructions regarding the rights 
of citizens in the Holy Quran and Hazrat Muhammad in his blessed hadiths. Humans 
are obligated to enter Islam and perform the duties that Allah has imposed on them.

Google 
Translate 
Score

BLEU 0.48

METEOR 0.173

Human Translation Rights have been greatly emphasized in Islam and Islamic state has been declared 
responsible for the protection of citizen’s rights. Allah Almighty in the Holy Quran 
and Hazrat Muhammad (peace be upon him) in Ahadees have instructed much 
clearly regarding the rights of citizens. Men have been bound to pay duties bestowed 
by Almighty Allah after embracing Islam.

Table 1.  Islamic text (Urdu to English translation).
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4.    CONCLUSIONS

Several online translation tools are available that 
offer reasonable accuracy, are free to use, and 
support a wide range of languages. Out of these, 
Google Translate remains the most widely utilized, 

while OpenAI’s ChatGPT has recently gained 
significant attention. These translation systems are 
capable of processing complex languages such as 
Urdu, Chinese, and Arabic. Machine translation 
tools can be particularly beneficial for multinational 
organizations, facilitating communication with 

Original Text “Life did not matter very much in the Gobi. Lofty plateaus, wind-swept, lying 
close to the clouds. Reed bordered lakes, visited by migratory winged creatures 
on their way to the northern tundras. Children of this corner of the northern 
Gobi were not hardened to suffering; they were born to it.” 

ChatGPT Translation

ChatGPT 
Score

BLEU 0.288

METEOR 0.272

Google Translation

Google 
Translate 
Score

BLEU 0.270

METEOR 0.177

Human Translation

Table 2. Text from novel (English to Urdu translation).

Fig. 4. The average BLEU score of ChatGPT and Google 
Translate.

Fig. 5. The average METEOR score of ChatGPT and 
Google Translate.
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partners from diverse linguistic backgrounds. 
Additionally, they can also help students in 
translating and understanding content. We 
evaluated and compared the translations of 16 
paragraphs, from English to Urdu and Urdu to 
English, generated by ChatGPT and Google 
Translate. Based on the evaluations in the preceding 
section, ChatGPT outperformed Google Translate, 
achieving higher METEOR and BLEU scores. 
ChatGPT’s average BLEU score was 0.370, while 
Google Translate’s was 0.353. Similarly, ChatGPT’s 
average METEOR score was 0.322, compared to 
0.313 for Google Translate. This study provides 
valuable insights for users seeking reliable online 
machine translation between English and Urdu and 
vice versa. To compare these translations, we used 
reference translations carefully crafted by experts 
in this domain. Mostly the machine-generated and 
human-generated translations convey a similar 
meaning to some extent, but they differ in terms of 
phrasing style and word selection, for example, in 
the translation of “Poetry” (Annexure A), the human 
translator chose the words “decree” and “ascertain”, 
which preserve the depth and nuance of the original 
text. In contrast, the machine-generated translations 
use simple sentences to ensure general accuracy, 
but they often lack the depth and essence which 
we can feel in human translation. We observed 
that Google Translate was unable to translate some 
English words into Urdu and retained them as it 
is in Urdu script. For example, in the English to 
Urdu paragraph, the meaning of the word Reed-
bordered in Urdu language is  
but Google Translate rendered the English word in 
Urdu script as  instead of translating it. 
In contrast, ChatGPT successfully translated most 
of the text. Overall, ChatGPT demonstrated higher 
translation accuracy compared to Google Translate 
for paragraph translation. However, there is always 
room for improvement, as some lines translated 
by ChatGPT were inaccurate and not giving the 
actual sense, as discussed in the previous section. 
Similarly, the translating idioms is a major challenge 
for these machine translators because they do not 
understand the cultural background or context in 
which they were expressed. One key feature of the 
ChatGPT is its ability to learn from user feedback 
and adjust its responses accordingly, which helps 
improve its translation accuracy. For example, for 
the translation of some text, we prompted ChatGPT 
with commands like “Translate again” or “Revise 
the translations” to enhance accuracy. After a few 

attempts, it began generating correct translations. In 
the future, we plan to explore prompt engineering 
techniques to further improve translation accuracy.
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