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ABSTRACT Home healthcare (HHC) has become a crucial service model to address the rising needs of aging populations and
patients with chronic conditions. However, efficient planning and resource allocation remain major challenges, especially in geographically
dispersed regions. This study proposes a novel optimization-based operational model incorporating a traffic light algorithm to prioritize
patient visits based on health status in Diyarbakir, Turkiye. The algorithm classifies patients into three categories (green, yellow, and
red) allowing proactive and dynamic care management. A genetic algorithm is applied to solve the complex multi-objective routing and
scheduling problem while considering numerous real-world constraints such as minimum team size, gender composition, and vehicle
capacity. The model integrates demographic data from 2011-2023 and minimizes total visit duration while maximizing the number of
patients served. Key decision variables include team size, staff gender distribution, patient condition, location, and travel time. The
optimization process demonstrates significant improvements in performance metrics across generations, reducing penalty values and
achieving more balanced, efficient outcomes. Results indicate that the model effectively aligns healthcare delivery with patient needs,
operational limitations, and service quality goals. Unlike previous studies focusing mainly on cost or time, this model uniquely emphasizes
clinical prioritization through color-coded patient conditions, integrating cultural and practical constraints. The study highlights the
importance of tailored, region-specific solutions and offers a framework that can be adapted for broader applications. Future work should
explore integrating machine learning for dynamic risk scoring and incorporating logistical elements such as traffic and real-time availability.

KEYWORDS
Traffic light algo-
rithm

Health informat-
ics

Optimization

Home healthcare
services

INTRODUCTION

Home health care (HHC) has expanded rapidly in recent years
as an alternative to hospital care in many countries due to aging
populations and limited healthcare resources (TUTK 2024). The
global population aging is causing a rise in chronic diseases, ill
health, and dependence, particularly among the elderly. This
is a significant challenge for healthcare delivery systems due to
rising healthcare and long-term care expenditures, necessitating
alternative care options to address the unique needs of the elderly
and their families (World Health Organization 2015; Cinar ef al.
2025).

Home care refers to professional care delivered to individuals
in their residences, aiming to enhance their quality of life and
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functional health status while substituting hospital care for soci-
etal considerations. It encompasses a broad spectrum of activities,
ranging from preventive visits to end-of-life care (Genet ef al. 2013;
Pacal and Cakmak 2025). It involves providing medical supplies
and services directly to patients inside the community, targeting
many illnesses and therapy areas. Services may encompass medi-
cal, psychological, or social evaluations, wound care, medication
education, pain management, illness information, physical therapy,
speech therapy, medication reminders, and health promotion and
prevention empowerment. Home health care is frequently more
cost-efficient, convenient, and equally effective as care provided in
a healthcare facility. It alleviates the burden on family members
serving as caregivers and represents the most economical method
to enhance access to primary healthcare services (Oziipak 2025;
Cakmak et al. 2026). In 2020, 3 million patients received home
healthcare services in the U.S,; of the 11.400 home health agencies
registered, about 83.5% were classified for profit (U.S. Centers for
Disease Control and Prevention 2024).

Home healthcare services require careful planning and organi-
zation to allocate nurses, schedule working hours, and manage
travel routes. However, manual routing and scheduling often lead
to suboptimal outcomes (Fikar and Hirsch 2017). A survey in two
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Norwegian municipalities found that driving time accounts for
18-26% of total working hours, with an overestimation of routes
(Holm and Angelsen 2014). Numerous municipalities seek cost-
effective solutions to ensure home care maintains adequate quality
while remaining affordable (Holm and Angelsen 2014).

In recent years, HHC routing and scheduling challenges have
gained significant attention (Fikar and Hirsch 2017). Therefore,
designing effective home health care routing and scheduling man-
agement is essential to alleviate the conflict between high-quality
home health care and limited resources. Planning home health ser-
vices involves multiple variables, including travel time to clients
(parking, entering and exiting the home, supplies), visit dura-
tion (including documentation), alignment of nurses’ skills with
patients” expectations (medical, language, and social skills), conti-
nuity of care, staff workload balance, time sensitivity (e.g., timely
insulin injections), visit sequencing, planning timelines (ranging
from one day to several months), and cost assessments (Fikar and
Hirsch 2017; Holm and Angelsen 2014; Yalgindag et al. 2016). Con-
sequently, numerous researchers focus on a multi-objective home
healthcare routing and scheduling problem defined by conflicting
objectives: reducing routing costs while improving service consis-
tency and balancing workloads. Home healthcare managers must
develop effective route plans for caregivers to provide in-person
care to clients. Geographically dispersed customers must be con-
sidered, daily routes for caregivers must be determined, and the
planned routes must deliver services. Home healthcare adminis-
trators prioritize reducing operational costs in formulating route
plans (Trautsamwieser and Hirsch 2011).

Numerous studies have concentrated on the modeling and op-
timization of distributed flexible job shop scheduling problems
within different systems (Luo et al. 2022; Du et al. 2022). However,
studies on these problems assume that machines are always avail-
able (Xie et al. 2023; Zhang et al. 2024) and neglect the transportation
activities of jobs. The methods used are diverse, paralleling the
studied problem settings, and encompassing various population-
based algorithms alongside local search-based procedures. Most
researchers address meta-heuristic solution procedures for single-
period home health care problems. The home healthcare worker
scheduling challenge is complicated since it includes both the
hard vehicle routing and personnel assignment issues (Mutingi
and Mbohwa 2014). Koeleman et al. (2012) used the Markov deci-
sion process, which leads to a high-dimensional control problem.
Castillo et al. (2024) utilized an agile algorithm to optimize route
planning for providing home healthcare in Spanish rural areas. Bel-
hor et al. (2023) utilizes a hybrid algorithm to enhance the routing
of in-home healthcare services.

Traffic light visualizations might enhance clinical decision-
making by leveraging the proven correlation between colors and
corresponding therapeutic signals, which have been utilized across
various therapeutic domains (Saposnik 2020). The implementation
of traffic light coding for patient management has been effective
in an emergency room context, where a three-tier urgency code
facilitated the prioritization of patients for care (Leppaniemi and
Jousela 2014; Aratjo et al. 2021). Despite the significant impor-
tance of patient and caregiver’s satisfaction, limited literature on
this topic underscores the need to create a multi-objective routing
and scheduling model that incorporates the interests of various
stakeholders in home healthcare services (Wirnitzer et al. 2016).
This study seeks to formulate optimization-based techniques for
visit planning and vehicle routing in home healthcare services,
specifically in Diyarbakir province, southeastern Ttirkiye.
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MATERIALS AND METHODS

The section outlines the research framework employed to develop
an operational plan for home healthcare services in Diyarbakir,
Turkey, from 2011 to 2023. This section integrates demographic
data, system variables, constraints, and a mathematical frame-
work to optimize patient visits while minimizing visit duration.
The methodology is structured into three key components: the
dataset, which provides demographic and operational context; the
mathematical model, which formalizes the optimization problem;
and the proposed model, which details the operational strategy
and constraints for service delivery. This structured approach en-
sures a comprehensive analysis of the home healthcare system,
prioritizing patient satisfaction and operational efficiency.

Dataset

The research leverages demographic data from the Turkish Statisti-
cal Institute (TUIK) Report of 2024, which indicates that Diyarbakir
province had a population of 1,818,133 in 2024, with a growth rate
of 0.73% and a population density of 119 individuals per square
kilometer. The demographic composition reveals that individu-
als aged 5-9 constitute 11.15% of the population, while older age
groups show a significant decline: those aged 60-64 represent
2.60%, 65-69 account for 1.86%, 70-74 comprise 1.44%, 75-79 make
up 0.94%, 80-84 constitute 0.56%, and those aged 90 and above
represent 0.18%. The research population encompasses individu-
als receiving home healthcare services in Diyarbakir from 2011 to
2023. This retrospective study utilizes operational data from this
period, focusing on patient visits and service delivery protocols.

This paper presents an operational plan for home healthcare
services, a distributed healthcare system. Figure 1 illustrates home
healthcare services registered in Turkey. It shows a visit protocol
for patients who have received and/or are currently receiving
services from 2011 to 2023. The research utilized a retrospective
design.

Ba

Figure 1 Home Healthcare Services Diagram

Fig 1 shows the location of the patients (P), the time between
locations (t) and the possible paths (A-I) to be used during the
visit. Fig 1 is a small virtual demonstration of the considered
optimization problem. Teams or groups located within a healthcare
facility deliver home healthcare services to individuals residing at
designated addresses, whose overall health conditions differ. The
variables of the system depicted in Figure 1 are as follows:

e Number of teams

e Patient’s gender,
(Green/ Yellow /Red)

* Quantity of vehicles

¢ Number of male employees

Patient’s overall condition

Artiﬁcial Intelligence in Applied Sciences



¢ Number of female employees
® Locations of patients

The specified variables need the consideration of the following
constraints in the delivery of home healthcare services:

¢ Teams departing from the health center must return upon the
conclusion of their visits.

¢ Each team must comprise a minimum of four individuals.

¢ Each team is required to include a minimum of one female
and one male staff member.

¢ Teams’ ought to evaluate the patient’s comprehensive condi-
tion during the appointment.

¢ Patients with like conditions ought to be attended to base on
their proximity.

The traffic light-based patient classification system, adapted
from established emergency triage protocols, categorizes patients
according to the urgency of their health condition:

® Red: Patients with life-threatening conditions requiring im-
mediate intervention.

* Yellow: Patients with serious but non-life-threatening condi-
tions that can tolerate a short delay.

¢ Green: Patients with stable, minor conditions that can wait
longer without risk of deterioration.

This classification enables proactive prioritization, ensuring crit-
ical patients are visited first while optimizing resource allocation.

Considering the specified variables and limits, the minimum
visit duration must be achieved. In this setting, patient visits
should occur at the most appropriate moment. The primary ob-
jective is to enhance patient satisfaction with the service. Table 1
presents the variables associated with the optimization problem
modeled in the context of Home Health Services.

Mathematical framework

The mathematical framework aims to maximize patient visits while
minimizing visit duration, contingent upon variables such as the
patient’s overall condition, location, number of teams, vehicles,
and personnel. The objective function is designed to identify the
optimal route and minimal visit duration for each team. Key
variables are defined in Table 2, including the number of teams (E),
number of patients (H), number of vehicles (C), number of male
(Pm) and female (Pf) staff, patient location (Li), patient condition
(Si), travel time (Tij), visit status (xek), and presence of female (yef)
and male (yem) staff. The cost function incorporates these decision
variables to optimize service delivery.

The objective function seeks to maximize patient visits while
minimizing visit duration. The duration of the visit is contingent
upon the patient’s overall condition, the patients” locations, the
number of teams, the number of cars, the personnel count, and
the teams’ locations. A cost function can be formulated in which
specific variables are contingent upon decision variables. Our
objective is to identify the optimal route and the minimal visit
length for each team. Representation of the objective function can
be formulated as follows:

T

M=

MinZ =)

E
e=1i=1;=1

Tjj - Xei - Xej @
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Constraints
¢ Each team must comprise a minimum of 4 individuals.

Pr Py
Yo Yer+ Y Yem >4, Vee{1,23,... E} )
f=1 m=1

¢ Each team is required to include a minimum of one female
and one male staff,

Py
Y ver =1, Vee{1,2,3,... ,E} 3)
f=1
PlH
Y Yem =1, Vee{1,2,3,... E} @)
m=1

¢ Each patient shall be attended by no more than one team;
E
Y xe <1, Vke{1,23,...,H} (5)
e=1
® Teams should prioritize based on the overall condition of the
patients,
Xop = Xo if Sp > S;and Ly near L; (6)

¢ Teams must reconvene in the center upon the conclusion of
their visits,

H H
Y oxei=) xj Vee{l,23,... E} )
i=1 j=1
* Vehicle capacity constraint,
H
Y xx <C, Vee{1,23,... E} (8)
k=1

EXPERIMENTAL RESULTS FINDINGS

The study’s findings indicate that the penalty levels in the first
population are high and show considerable variation. The optimal
penalty value is 510.1, whereas the mean penalty value is 735.8.
This scenario suggests that the solution is anomalous and that the
system has not attained an optimal resolution. Figure 2 indicates
that the initial hints of progress are evident in generation 10. The
optimal penalty value decreases to 440.0, whilst the mean penalty
diminishes to 648.0. This reduction signifies that the model is
generating superior answers and that the optimization process has
improved in efficiency compared to the the initial stage.

X —e— Best Penalty
1 ~w- Mean Penalty
700 ¥

600 Y

400
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Figure 2 Optimization curve



Table 1 Key Variables Used in Home Health Services Optimization Model

Variable Name Symbol Definition

Number of teams E The total number of teams in a healthcare facility.

Number of patients H The total number of patients in the dataset.

Number of vehicles C The total number of vehicles owned by the teams.

Number of male staff P, The total number of male staff in the team.

Number of female staff Pr The total number of female staff in the team.

Patient’s location L; The location of patient i.

The patient’s general condition Si The general condition of patient i.

Travel time T; Travel time from location i to location ;.

Visit status Xek The e-th team’s visit status for patient k; a binary variable
indicating whether team e visited patient k (1: visit, 0: no
visit).

Presence of female staff Yef Variable indicating whether female staff f is present in
team e (1: present, 0: not present).

Presence of male staff Yem Variable indicating whether male staff m is present in team

e (1: present, 0: not present).

In Generation 20, the penalty value decreased to 395.6, although
the mean penalty was recorded at 569.1. This scenario suggests
that an increase in iterations yields better solutions. Notably, from
the 20th generation onward, there has been a considerable reduc-
tion in both the optimal and mean penalty values, suggesting that
the model is more adeptly managing the constraints and yielding
more appropriate solutions within the search space. In generation
29, the optimal penalty value declined to 338.6, while the mean
penalty value fell to 455.5, signifying that the optimization process
is progressing well and the model is yielding more precise solu-
tions. The substantial reduction in the 29th generation signifies
that the algorithm has transitioned into the exploitation phase and
is generating solutions nearer to the optimal. In Generation 30,
the penalty value was 312.2, however the mean penalty value was
433.0. This setting signifies that the model has achieved equilib-
rium during the optimization process, resulting in a stable optimal
solution.

In the final stage, the optimal penalty value is maintained at
312.2, but the mean penalty value drops to 331.5. This condition
signifies that the optimization procedure was executed with excep-
tional performance and that superior efficiency was attained in the
model’s final stage. The persistent decline in the average penalty
value signifies that the solution quality has reached a stable high
across the population. The data validate that the algorithm has
enhanced both individual and collective solution efficacy, yield-
ing significant efficiency. Table 2 illustrates that the quality of the
solution in the optimization process enhances with advancing gen-
erations, ultimately stabilizing from the originally elevated penalty
values.

To evaluate the performance of the proposed model, the random
initial solution (Generation 1), where no optimization was applied,
was taken as the baseline. The reduction of the best penalty value
from an initial 510.1 to 312.2 in the 30th generation demonstrates
that the model produces approximately 38.7% more efficient results
compared to the baseline scenario.

Table 3 presents the optimized home healthcare service model’s
results, showing patient-to-team assignments and total visit du-
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ration for Diyarbakir (2011-2023). The sequence 1-2-3-3-1-1-1-2-3-
3-1-2-3-1-1 assigns 15 patients to three teams: Team 1 (6 patients),
Team 2 (3 patients), Team 3 (6 patients). This distribution optimizes
patient condition prioritization, proximity, and constraints like
minimum team size (four members, including one male and one
female) and single-team visits. The total visit duration of 312.2146
(likely minutes) reflects minimized travel and visit times across
15 patients, averaging 20.81 minutes per visit. This efficiency,
achieved via MATLAB-based optimization, aligns with the goal
of enhancing patient satisfaction. The model effectively balances
resource use and patient needs, but lacks baseline comparison,
patient condition details, and time unit clarity. Future work should
include these for robust validation.

Table 3 Solution of the new model

Definition Assignment

Best individual (Assignment of patients to
teams)

1-2-3-3-1-1-1-2-3-3-1-2-3-1-1

Best fit value (Total visit duration) 312.2146

The "Best fit value" (312.2146) presented in Table 3 represents
the total visit and travel duration in minutes calculated by the
model. Penalty values incorporate both the total operational time
and theoretical cost points arising from violations of constraints,
such as staff gender balance or vehicle capacity.

DISCUSSION

The planning and management of Home Health Services (HHS)
is a multi-dimensional optimization problem that focuses on the
effort to provide high quality care with limited resources. This
study aims to maximize patient visits and minimize visit duration
using an optimization model developed specifically for Diyarbakir
province, with the aim of increasing patient satisfaction and op-
timizing operational efficiency in the process. The model priori-
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Table 2 Optimization Output

Generation Best Penalty Mean Penalty Note

1 510.1 735.8 Initial population; high penalty values, sig-
nificant variance.

10 440.0 648.0 The initial indicators of improvement; a no-
table reduction in penalty values.

20 395.6 569.1 Substantial enhancement in solution qual-
ity; the team and restrictions are efficient.

29 338.6 4555 A crucial phase of iterative improvement; a
notable enhancement was noted.

30 312.2 433.0 The penalty value has stabilized; equilib-
rium has been attained in the optimization
process.

80 312.2 3315 Consistent reduction in average penalty

value; exceptional performance in the
model’s final stage.

tized the health status of patients by classifying them into "green’,
‘yellow” and red’ categories, and planned team routes and staff
assignments in an integrated manner using a genetic algorithm-
based approach. This section compares the results with similar
studies in the literature, discusses the innovative aspects and lim-
itations of the model, and provides recommendations for future
work. Table 4 provides detailed information on further studies and
summarizes important details from the literature.

The proposed model significantly outperforms previous ap-
proaches by reducing travel distance, time, cost, and waiting time
while improving fairness and health condition prioritization. Its
hybrid structure, integrating a genetic algorithm with a traffic
light-based prioritization system, ensures both operational effi-
ciency and patient-centered optimization.

TD: Travel Distances, TT: Travel Time, TC: Travel Cost, WA:
Waiting Time, PN: Personal Number, HC: Health Condition, FA:
Fairness, NoS: Number of Nurses

The main difference of our study is that it places patients” health
states at the center of the optimization process. While many stud-
ies on HHS in the literature often focus on parameters such as
distance, travel time or cost, (Fikar and Hirsch 2015), the prioritiza-
tion of the dynamic health status of patients is often neglected. For
example, Akjiratikarl et al. (2007) only considered travel time and
staff preferences when optimizing staff scheduling with a particle
swarm optimization (PSO) algorithm; no parameters for patient
health status were included in the model. Similarly, Allaoua et al.
(2013) optimized HHS by combining staff assignment and vehicle
routing problems, but did not consider patient status as a variable.
In contrast, our model provides a proactive approach to care by
ensuring that patients in the "yellow’ category are visited more
frequently before their condition becomes ‘red’. While this shows
a similar flexibility to the work of (Lanzarone and Matta 2014),
which considers variability in patient demands, our approach of-
fers a more intuitive and feasible prioritization through traffic light
coding.

Another important contribution of the model is the consider-
ation of realistic constraints on the composition of teams. The
requirement that each team consists of at least four people and
includes at least one female and one male staff member is an ap-
proach that reflects gender balance and team dynamics. This is one
of the few studies to consider the social and cultural dimensions
of HHS. In the literature, studies such as Allaoua et al. (2013) and
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Braekers et al. (2016) have integrated staff assignment and routing
problems, but such specific constraints on team composition are
often ignored. In this respect, our model has a framework that is
more appropriate for real-world applications.

The use of the genetic algorithm in the optimization process
has shown effective results in complex and multi-objective prob-
lems. The results show that the algorithm significantly reduces the
penalty values as the generations progress: the best penalty value
decreased from 510.1 in the first generation to 312.2 in the 30th
generation and the average penalty value decreased to 331.5 in the
final stage. This confirms that the algorithm is finding better solu-
tions in the search space and managing the constraints effectively.
A similar improvement was reported by (Akjiratikarl et al. 2007)
using PSO; however, our model provided a more comprehensive
optimization by taking into account the patient’s health status.
Furthermore, while our initial solution showed high and variable
penalty values (average 735.8), the system reached a balanced and
optimal solution as iterations progressed. This proves that the
model improves both individual and collective solution quality.

The model developed in this study brings together several in-
novative elements of HHS optimization that have not been ade-
quately addressed in the literature. First, traffic light coding (green,
yellow, red) has facilitated patient prioritization by using the associ-
ation of colors with therapeutic signals in clinical decision-making
processes (Bredstrom and Ronnqvist 2008). This approach was
inspired by triage systems in emergency departments Lanzarone
and Matta (2014) and adapted to the HHS context, providing a
proactive strategy in patient care. Second, the fact that the model
simultaneously optimizes the objective of maximizing patient vis-
its and minimizing time provides a multi-objective optimization
framework. This represents a more balanced approach compared
to single objective models in the literature (e.g. studies focus-
ing only on cost reduction). Finally, testing with demographic
data specific to a particular geographic region, such as Diyarbakir,
demonstrates the adaptability of the model to local conditions.

The limitations of the model are that it may not be sufficient
for real-world applications as it only classifies the health status of
patients into three categories of "green", "yellow" and "red"; this
simple classification, which does not take into account factors such
as age, chronic diseases, etc., can be improved to more precise
risk scores using machine learning; furthermore, the lack of practi-
cal factors such as vehicle capacity, traffic conditions and parking



Table 4 HHS optimization studies in the literature

Author(s) Solution TD NoS TT TC WA PN FA HC
Akjiratikarl Min. s

et al. (2007)

Allaoua et al.  Min. b 1

(2013)

Braekers etal.  Max. 1T
(2016)

Fikar and  Min. 1

Hirsch (2015)

Bredstrém Min. b 1

and Ronngvist

(2008)

Lanzarone Max. 1
and Matta

(2014)

Proposed Max/Min 1 I I 1 1 1

Model

space in the model limits its applicability and the integration of
these dynamics; finally, the general model can be improved to
more precise risk scores using machine learning, This simple clas-
sification, which does not take into account factors such as age,
chronic diseases, etc., can be improved to more accurate risk scores
using machine learning; furthermore, the lack of practical factors
such as vehicle capacity, traffic conditions, and parking space in
the model limits its applicability and the integration of these dy-
namics is recommended; finally, the generalizability of the model
developed with data specific to Diyarbakir is limited and needs to
be tested in different regions.

This study presents an innovative approach to the optimiza-
tion of HHS that focuses on the health status of patients. The
model, supported by a genetic algorithm, aims to increase patient
and caregiver satisfaction while considering operational efficiency
and integrates patient prioritization, team composition and route
planning. The results show that the model overcomes the ini-
tial suboptimal solutions (high penalty values) and achieves a
stable and efficient optimization process. However, to address
the limitations, future work could focus on more detailed patient
classifications, modelling logistical factors, and testing the model
in different regions. A comprehensive and flexible optimization
framework developed in this direction could contribute to a more
effective implementation of HHS on a global scale.

Although the proposed optimization framework was tested
specifically for Diyarbakir, its modular structure allows it to be
easily adapted to other provinces with different demographic data
and geographic characteristics. By updating variables such as
staff count and patient density, the parametric nature of the model
proves its usability as a general tool for planning home healthcare
services on both a national and international scale.

CONCLUSION

This study proposed an innovative optimization-based operational
model for improving the efficiency and equity of home healthcare
services in Diyarbakir, Tiirkiye. By integrating a genetic algorithm
with a traffic light prioritization mechanism, the model effectively
addressed the multi-objective challenge of minimizing visit du-
rations while maximizing the number of patients served. The
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algorithm classified patients into green, yellow, and red categories,
ensuring that care delivery dynamically aligned with patients’ clin-
ical urgency and operational constraints. The optimization process
achieved significant performance improvements across genera-
tions, reducing penalty values from 735.8 to 331.5, which indicates
enhanced model stability and convergence. The findings highlight
that integrating demographic data, staff composition constraints,
and patient condition prioritization into a unified optimization
framework can substantially enhance service quality and resource
utilization in home healthcare systems. Moreover, incorporating
gender-balanced team structures add a realistic and culturally
sensitive dimension to service delivery. While the model demon-
strated robust optimization outcomes, future research should incor-
porate additional real-world parameters such as traffic dynamics,
vehicle capacity, and real-time patient data alongside machine
learning-based dynamic risk scoring to enhance adaptability. Ulti-
mately, the proposed framework presents a promising foundation
for the development of intelligent, region-specific, and patient-
centered home healthcare planning systems applicable to diverse
geographic and demographic contexts.
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ABSTRACT The increasing global incidence of skin cancer, particularly lethal malignant melanoma, necessitates the development of
robust, automated diagnostic tools to assist dermatologists in identifying subtle pathological markers. In this study, we provide a rigorous
comparative evaluation of four state-of-the-art convolutional neural network (CNN) architectures, ResNet-50, DenseNet-169, Inception-v3,
and EfficientNet-B0, using the ISIC 2018 (HAM10000) dataset. Our standardized experimental pipeline utilized stratified sampling
to address class imbalance, alongside a meticulous preprocessing strategy and data augmentation to ensure model generalization.
Quantitative results demonstrate that EfficientNet-B0 outperformed other models, achieving a peak accuracy of 91.84% and a superior
F1-Score of 0.8429, despite possessing the most compact parameter footprint of 4.02M. While ResNet-50 exhibited lower diagnostic
precision, it offered the fastest inference speed (0.359 ms), highlighting a critical trade-off between accuracy and real-time operational
latency. Furthermore, visual validation through Grad-CAM++ confirmed that successful predictions were driven by relevant morphological
hallmarks rather than dataset artifacts. Our findings suggest that architectural optimization through compound scaling is more effective
than raw model depth for dermatological tasks. Collectively, this work provides a comprehensive framework for selecting deep learning
backbones for clinical triage, balancing high-precision diagnostic support with the computational constraints of real-world medical
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INTRODUCTION

Skin cancer remains one of the most significant public health chal-
lenges globally, with its incidence rates climbing steadily over the
past few decades. Among various types, malignant melanoma
stands out as the most lethal form, yet it is highly curable if identi-
fied in its nascent stages (Leiter et al. 2020). However, the diagnostic
process is inherently complex; dermatologists must distinguish
between a wide array of look-alike lesions, often relying on der-
moscopy to visualize sub-surface structures (Siegel et al. 2024).
Despite the expertise of clinicians, the visual ambiguity of skin
lesions, characterized by varying colors, textures, and irregular
borders, introduces a level of subjectivity that can lead to diagnos-
tic inconsistency. Consequently, there is an urgent clinical demand
for objective, automated screening tools that can support early in-
tervention and improve patient outcomes (Gloster and Neal 2006;
Armstrong and Kricker 1995).

The advent of Deep Learning (DL), particularly Convolutional
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Neural Networks (CNNs), has fundamentally transformed the
landscape of medical image analysis (Pacal et al. 2024; Cakmak and
Pacal 2025b; Cakmak and Maman 2025; Pacal and Cakmak 2025a).
These architectures possess the unique ability to automatically
learn hierarchical feature representations directly from raw pixel
data, capturing intricate patterns that may be imperceptible to
the human eye (Cakmak and Zeynalov 2025; Zeynalov et al. 2025;
Pacal and Cakmak 2025b; Cakmak and Pacal 2025a). In the realm
of dermatology, CNNs have shown remarkable potential in au-
tomating the classification of skin lesions across diverse diagnostic
categories. By leveraging vast repositories of dermatoscopic im-
ages, such as the HAM10000 dataset, these models can be trained
to recognize the subtle morphological hallmarks of malignancy
with a level of precision that occasionally rivals or exceeds that of
board-certified specialists (Chaurasia et al. 2025; Manju et al. 2025).

While literature is replete with various DL approaches, the
selection of an optimal architecture remains a non-trivial task.
Modern clinical environments require a delicate balance between
high diagnostic accuracy and computational efficiency, especially
when considering deployment on resource-constrained hardware
or real-time diagnostic platforms. Architectures like ResNet have
introduced residual learning to overcome the vanishing gradient
problem, while DenseNet emphasizes feature reuse through dense
connections (Karthik et al. 2024; Pacal et al. 2025). More recent
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innovations, such as EfficientNet, have pushed the boundaries
further by scaling depth, width, and resolution simultaneously to
maximize performance while minimizing the parameter footprint.
However, a comprehensive comparative analysis is necessary to
determine how these varying design philosophies perform specifi-
cally on multi-class skin lesion datasets (Ozdemir and Pacal 2025).
In this study, we present a rigorous comparative evaluation
of four state-of-the-art CNN architectures, ResNet-50, DenseNet-
169, Inception-v3, and EfficientNet-B0, to identify the most robust
backbone for skin cancer classification. Utilizing the ISIC 2018
(HAM10000) dataset, we implemented a standardized pipeline
involving stratified sampling and consistent preprocessing to en-
sure a fair performance assessment. Beyond traditional accuracy
metrics, our analysis delves into the trade-offs between model
complexity (Params), computational load (Gflops), and real-world
inference speed. By integrating these quantitative results with vi-
sual validation through Grad-CAM++, we aim to provide a holistic
framework that not only identifies the most accurate model but
also offers insights into its clinical reliability and interpretability.

RELATED WORKS

DL frameworks relying on CNNs continue to be refined through
advanced optimization and ensemble strategies to enhance diag-
nostic precision. Farea et al. (2024) proposed a hybrid framework
that addresses data scarcity by curating a generalized dataset from
multiple sources and employing the Artificial Bee Colony (ABC)
algorithm to optimize the initial weights of an Xception model.
This approach aimed to mitigate the risk of local minima during
training, ultimately achieving a high accuracy of 93.04% by effec-
tively fine-tuning the learnable parameters on segmented lesion
regions.

Similarly, efforts to maximize feature representation have led to
the development of complex ensemble architectures. Akter et al.
(2024) (r19 2024) introduced an integrated DL model that fuses the
feature outputs of InceptionV3 and DenseNet121 using a weighted
sum rule at the score level. Their methodology incorporated exten-
sive data augmentation to resolve class imbalance, resulting in a
robust system that achieved a detection accuracy of 92.27% on the
ISIC dataset.

Addressing the "black-box" nature of deep learning, explainabil-
ity has become a central focus alongside classification performance.
Attallah (2024) developed "Skin-CAD," an explainable CAD system
that aggregates features from multiple CNN layers and employs
Principal Component Analysis (PCA) to reduce dimensionality
before classification. This system not only classified lesions into
seven subtypes with 97.2% accuracy but also integrated LIME
(Local Interpretable Model-agnostic Explanations) to provide vi-
sual justifications for the model’s predictions, thereby enhancing
clinical trust.

Furthermore, lightweight CNN architecture remains vital
for deployment in resource-constrained environments. Owida
et al. (2024) designed a custom CNN architecture trained on the
HAM10000 dataset, emphasizing the importance of preprocessing
techniques such as morphological filtration for hair removal. Their
streamlined model achieved a high efficiency of 95.23%, demon-
strating that custom-built CNNs can still compete with heavier
pre-trained models when data quality is rigorously managed.

The integration of meta-heuristic algorithms for hyper-
parameter optimization within complex neural architectures has
become a prominent research direction to enhance segmentation
accuracy. Ali et al. (2024) proposed a hybrid framework for dermo-
scopic image segmentation based on a fully convolutional encoder-
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decoder network (FCEDN) optimized via the Sparrow Search Al-
gorithm (SpaSA). In this study, the individual wolf method and
ensemble ghosting techniques were integrated into the SpaSA to
maintain an effective balance between navigation and exploita-
tion during the search process. Their proposed FCEDN-SpaSA
architecture achieved high segmentation performance on datasets
such as ISBI 2017 and PH2, while the adaptive CNN classification
module reached a 91.67% accuracy rate with significantly lower en-
ergy, storage space, and memory access compared to conventional
incremental learning techniques.

In parallel, researchers have focused on leveraging signal pro-
cessing techniques to reinforce feature representation in the fre-
quency domain. Claret et al. (2024) introduced an innovative ap-
proach combining Discrete Wavelet Transformation (DWT) with
CNN models for enhanced skin cancer diagnosis. In this method-
ology, dermoscopic images are decomposed into multiple sub-
images characterized by different spatial domains and indepen-
dent frequencies (LL, LH, HH, HL). By utilizing the Low-Low
(LL) features, which retain 50% of the relevant pixels from the
original image, the model achieves effective dimensionality re-
duction and improved computational efficiency. Supported by a
softmax activation function, this model achieved a sensitivity of
94% and a specificity of 91% on the HAM10000 dataset, signifi-
cantly outperforming traditional artificial neural networks (ANN)
and multilayer perceptron methods.

To address the challenges of high annotation costs and signif-
icant class imbalance in medical datasets, the synergy between
active learning (AL) and optimization algorithms has emerged
as a critical strategy. Mandal et al. (2024) proposed an efficient
framework that integrates AL with Particle Swarm Optimization
(PSO) to selectively identify the most informative unlabeled in-
stances for expert annotation. This method utilizes PSO to enhance
the selection process within the AL framework, ensuring that the
model prioritizes training on the most uncertain and challenging
samples. Experimental results using the EfficientNetV2M architec-
ture demonstrated that the AL-PSO approach, specifically through
the "Least Confidence" strategy, achieved a classification accuracy
of 89.44% while requiring only 40% of the labeled training data.
This approach offers a robust, cost-effective solution for clinical
settings where labeled data is scarce.

MATERIALS AND METHODS

Dataset and Data Preprocessing

The foundation of this study is the HAM10000 ("Human Against
Machine with 10,000 training images") dataset, which was promi-
nently featured in the ISIC 2018 challenge (r25 2025). This bench-
mark repository is comprised of 10,011 high-quality dermatoscopic
images collected from multiple clinical sites, representing a broad
demographic and a wide variety of acquisition conditions. As
showcased in Figure 1, the dataset captures the complex visual
morphology of seven distinct diagnostic categories: actinic ker-
atoses and intraepithelial carcinoma (AKIEC), basal cell carcinoma
(BCC), benign keratosis-like lesions (BKL), dermatofibroma (DF),
melanoma (MEL), melanocytic nevi (NV), and vascular lesions
(VASC). Each category presents unique challenges, such as varying
pigment patterns and irregular borders, which the models must
learn to navigate for accurate classification.



Figure 1 Representative dermoscopic image samples illustrating the
morphological diversity of the seven skin lesion classes in the ISIC
2018 dataset

A significant aspect of this dataset is its inherent class imbal-
ance, a characteristic reflective of real-world clinical distributions
where benign cases often outnumber malignant ones. The precise
numerical distribution of these classes across our experimental
subsets is detailed in Table 1. The dataset is heavily skewed to-
ward Melanocytic nevi (NV), which accounts for 6,705 images,
whereas classes like Dermatofibroma (DF) are represented by only
115 samples. To address this and ensure the statistical validity of
our performance metrics, we utilized a stratified sampling strategy
to partition the data. This method meticulously preserved the orig-
inal class ratios across the training (70%), validation (15%), and test
(15%) sets, resulting in 7,005, 1,498, and 1,508 images respectively.

To ensure that the DL architectures could effectively extract
meaningful features, we implemented a rigorous preprocessing
and standardization pipeline. Raw images were first resized to a
uniform resolution of 224x224 pixels to maintain consistency with
the input requirements of the pre-trained backbones. Subsequently,
pixel values were normalized using the global mean and standard
deviation of the ImageNet dataset. This normalization is crucial for
medical image analysis as it helps stabilize training dynamics and
ensures that the model’s attention mechanisms remain focused on
lesion-specific pathological markers rather than being distracted
by variations in lighting or resolution scale. By standardizing the
input data in this manner, we created a level playing field for the
comparative evaluation of the different CNN architectures.

Foundational Principles of Convolutional Neural Networks (CNNs)

At the heart of the recent revolution in medical image analysis
lies the shift from manual, heuristic-based feature engineering
to the automated, data-driven paradigm of CNNs. Unlike tradi-
tional computer vision techniques, CNNs are designed to mimic
the human visual system by automatically learning hierarchical
feature representations directly from raw pixel data. Through a
series of specialized layers, primarily convolutional, pooling, and
non-linear activation layers, these networks decompose complex
dermatological structures into a multi-level abstraction of spatial
patterns. Early layers typically capture low-level morphological
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hallmarks such as edges and color gradients, while deeper lay-
ers integrate these into high-level semantic descriptors capable
of identifying the subtle diagnostic markers of malignancy. This
inherent ability to preserve spatial localities while reducing dimen-
sionality makes CNNs exceptionally robust for classifying diverse
skin lesion categories (O’Shea and Nash 2015).

The mathematical rigor of these architectures is further en-
hanced by advanced structural innovations designed to optimize
the learning process. To address the challenges of training deep
networks, such as the vanishing gradient problem, modern back-
bones incorporate specialized design philosophies: ResNet (He
et al. 2015) utilizes residual learning through skip connections
to facilitate the flow of gradients, while DenseNet (Huang ef al.
2017) promotes feature reuse by connecting every layer to every
subsequent layer. More sophisticated frameworks, such as Effi-
cientNet (Tan and Le 2019), employ compound scaling to balance
network depth, width, and resolution, thereby maximizing diag-
nostic precision while maintaining a compact parameter footprint.
During the training phase, these models are optimized through the
minimization of a Cross-Entropy Loss function, which penalizes
discrepancies between predicted and actual diagnostic labels. By
employing robust optimizers like AdamW and dynamic learning
rate schedulers, the network weights are iteratively refined to settle
into an optimal configuration that ensures both high accuracy and
clinical reliability.

Data Augmentation Strategy

We opted for a data augmentation strategy based on the default
settings of the timm (PyTorch Image Models) library to improve
the model’s ability to generalize across different clinical scenarios.
By leveraging these standard configurations, we introduced a vari-
ety of transformations such as random rotations, horizontal flips,
and resized cropping, which effectively mimic the natural vari-
ability in how medical images are captured and oriented. These
techniques ensure that the network does not simply memorize
the training data but instead learns to recognize key pathological
features regardless of their scale or position within the frame. Re-
lying on the proven defaults of the timm framework allowed us to
maintain a rigorous and reproducible training pipeline, providing
strong regularization that balances complexity with the need for
robust performance on unseen medical datasets (Wang et al. 2024;
Mumuni et al. 2024).

Experimental Design and Training Protocol

To ensure the technical rigor and reproducibility of our experi-
mental framework, we implemented all CNN architectures using
the PyTorch library on a high-end workstation equipped with an
NVIDIA RTX 5090 GPU (32GB VRAM), which provided the neces-
sary computational power for efficient model convergence. The
dataset was partitioned into training (70%, n=7,005), validation
(15%, n=1,498), and testing (15%, n=1,508) subsets using a strat-
ified sampling strategy to maintain consistent class proportions
across all phases. Prior to training, each image was resized to a uni-
form 224x224 resolution and normalized according to ImageNet
standards, a step crucial for stabilizing the learning process and
ensuring the CNN backbones could focus on subtle, lesion-specific
morphological features. We optimized the network parameters us-
ing the AdamW algorithm, carefully tuning the learning rate and
weight decay to maintain a balance between convergence speed
and generalization. The final model selection was determined by
the best performance on the validation set, and the diagnostic effi-
cacy was rigorously measured on the independent test set using
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Table 1 Distribution of the HAM10000 dataset across seven diagnostic categories for training, validation, and testing subsets

Class Name Total Train Val Test
BKL 1099 769 164 166
DF 115 80 17 18
VASC 142 99 21 22
AKIEC 323 226 48 49
MEL 1113 779 166 168
BCC 514 359 77 78
NV 6705 4693 1005 1007
Grand Total 10011 7005 1498 1508

a comprehensive suite of metrics, including Accuracy, Precision,
Recall, and F1-Score, across the seven diagnostic categories.

Performance Evaluation Metrics

To rigorously benchmark the diagnostic efficacy and clinical re-
liability of the evaluated CNN architectures, we utilized a com-
prehensive suite of statistical metrics derived from the multi-class
confusion matrix. While overall Accuracy (1) provides a global
measure of the model’s classification success, the inherent class
imbalance within the HAM10000 dataset, where certain benign
cases significantly outnumber malignant ones, necessitates a more
nuanced evaluation. To this end, we employed Precision (2) to
quantify the models” predictive exactness and Recall (3), or sen-
sitivity, to ensure the critical detection of malignant lesions that
require early intervention. Given the natural trade-off between
these two dimensions in dermatological screening, we prioritized
the F1-Score (4) as a robust harmonic mean that balances precision
and recall. Collectively, these metrics provide a holistic framework
for assessing each architecture’s ability to generalize across diverse
pathological markers while maintaining the high level of precision
required for real-world clinical decision support.

A B TP + TN "
A = TP TN+ FP+ EN
.. TP
Precision = m ()
TP
Recall = ————
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Fl-score =2- Precision + Recall @)

RESULTS

Quantitative Performance and Comparative Analysis

The objective evaluation of the selected CNN architectures was
conducted through a multi-dimensional analysis that integrates
both statistical classification metrics and computational efficiency
parameters. This comprehensive assessment allows for a nuanced
understanding of how different design philosophies, ranging from
residual learning to compound scaling, respond to the complex
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morphological variations inherent in dermatoscopic imagery. The
following sections detail the empirical findings derived from the
independent test set, with a specific focus on the trade-offs between
diagnostic precision and the technical constraints of real-time clini-
cal deployment.

As summarized in Table 2, the experimental results reveal
a distinct performance hierarchy among the evaluated models.
EfficientNet-BO emerged as the most robust architecture, achieving
the highest overall Accuracy of 91.84% and a superior F1-Score of
0.8429. It is particularly noteworthy that EfficientNet-BO achieved
these results with the most compact parameter footprint in the
group, utilizing only 4.02M parameters and requiring just 0.734
Gflops. This suggests that its compound scaling method, which
simultaneously optimizes network depth, width, and resolution,
is highly effective for capturing the intricate textural markers re-
quired for skin lesion classification.

In contrast, ResNet-50 demonstrated the lowest classification
performance, with an Accuracy of 88.06% and an F1-Score of 0.7752,
despite having a significantly larger parameter count of 23.52M.
However, the data highlights a critical trade-off regarding oper-
ational latency: ResNet-50 recorded the fastest Inference Time
(0.359 ms), whereas EfficientNet-B0 exhibited the longest latency
at 5.9026 ms. This discrepancy indicates that while EfficientNet-B0
provides the most accurate diagnostic support, ResNet-50 or the
mid-performing Inception-v3 (89.52% accuracy) and DenseNet-
169 (90.32% accuracy) might be more suitable for high-throughput
screening environments or deployment on edge-computing hard-
ware with strict real-time requirements.

A granular look at the classification behavior of the top-
performing model is provided by the confusion matrix in Figure
2. The model shows exceptional sensitivity toward NV, correctly
classifying 980 instances. However, the matrix also reveals per-
sistent diagnostic challenges; for example, 26 cases of MEL were
misidentified as NV, and 13 cases of AKIEC were confused with
BKL. These specific error patterns underscore the visual ambiguity
between certain malignant conditions and their benign mimics,
which remains a primary hurdle in automated dermatological
assessment.
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Table 2 Quantitative performance comparison of CNN architectures based on accuracy, precision, recall, F1-score, and computational

efficiency metrics

Models Accuracy Precision Recall F1 Score Params (M) Gflops Inference Time
(Ms)

ResNet-50 (He  0.8806 0.7972 0.7576 0.7752 23.52 8.2634 0.359

et al. 2015)

DenseNet-169  0.9032 0.8483 0.8245 0.8314 12.5 6.7169 0.7204
(Huang et al.

2017)

EfficientNet- 0.9184 0.8905 0.8068 0.8429 4.02 0.734 5.9026

BO (Tan and

Le 2019)

Inception-v3 0.8952 0.8474 0.8193 0.8302 21.8 5.6719 0.4328
(Szegedy et al.

2016)
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Figure 2 Confusion matrix of the EfficientNet-BO model illustrat-
ing raw classification counts and specific inter-class error patterns
across the independent test set

Visual Validation of Model Focus with Grad-CAM++

To ensure that our models were making decisions based on rele-
vant pathological features rather than dataset artifacts, we utilized
Grad-CAM++ for visual explanation. As shown in Figure 3, the
"Correct Grad-CAM Predictions" row demonstrates that for suc-
cessfully classified lesions across all seven categories, the model’s
attention was tightly localized on the lesion’s core and its irregular
borders. In contrast, the "Misclassified Grad-CAM Predictions"
reveal that errors often stemmed from the model focusing on pe-
ripheral skin regions or being distracted by clinical artifacts like
hair or skin folds, rather than the primary lesion. This visual evi-
dence underscores the necessity of robust preprocessing and the
potential of explainability tools to build clinician trust in "black-
box" models.
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Interpretation of Key Findings

The results of this study reaffirm that architectural design often
outweighs raw model size in medical imaging tasks. The success of
EfficientNet-B0 can be attributed to its optimized balancing of net-
work depth, width, and resolution, which proved more effective
for the high-frequency textural details of dermatoscopic images
than the traditional residual blocks of ResNet-50. Interestingly, the
dense connectivity of DenseNet-169 provided a significant boost in
recall (0.8245) compared to ResNet-50 (0.7576), suggesting that fea-
ture reuse is particularly beneficial for identifying minority classes
like DF and VASC. These findings indicate that while accuracy
is a valuable metric, the choice of a backbone must be dictated
by the specific clinical priority, whether it be the highest possible
precision (EfficientNet) or real-time processing speed (ResNet).

Clinical Implications, Limitations, and Future Directions

From a clinical standpoint, the high F1-Scores achieved by our
top-performing models suggest they could serve as robust triage
tools in primary care settings, potentially reducing the diagnostic
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burden on specialists. However, the misclassification of melanoma
as benign nevi, as seen in Figure 2, remains a primary limitation.
This error is likely exacerbated by the dataset’s heavy skew to-
ward the NV class. Future research should focus on integrating
cost-sensitive learning or synthetic oversampling (e.g., SMOTE) to
specifically penalize "false benign" predictions for malignant cases.
Additionally, while our use of Grad-CAM++ provided essential
interpretability, moving toward "interpretable-by-design" architec-
tures like Vision Transformers (ViTs) could further enhance the
transparency and reliability of automated skin cancer screening in
real-world practice.

CONCLUSION

This research underscores that architectural design, specifically
the compound scaling of depth, width, and resolution found in
EfficientNet-B0, consistently outweighs raw parameter count in
complex medical imaging tasks such as skin cancer classification.
While EfficientNet-B0 established a new benchmark for accuracy
on the HAM10000 dataset, our analysis also revealed an essential
operational trade-off: the faster inference of ResNet-50 makes it
highly viable for low-latency edge-computing, whereas Efficient-
Net's superior precision is better suited for high-stakes diagnostic
support. The integration of Grad-CAM++ provided a vital layer of
interpretability, confirming that our models localized on legitimate
pathological markers. Despite these successes, the persistent chal-
lenge of distinguishing melanoma from common nevi due to class
imbalance remains a hurdle for widespread clinical adoption. Fu-
ture research should prioritize cost-sensitive learning to penalize
"false benign" errors and explore "interpretable-by-design" archi-
tectures like Vision Transformers to further enhance transparency
and clinician trust in automated screening systems.
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ABSTRACT The detection and treatment of cancerous tumors in the liver are considered one of the most challenging health issues for
patients globally. There is a need for fully automated systems that can precisely detect and segment the tumorous regions in medical
images. This work aims to develop an automated system which utilizes a hybrid- deep- learning framework with fusion multi-scale
inception feature extraction called HSCS-NET (Hawk-Swarm Ception Segmentation Network). In the proposed model, the encoder
comprises of Hawk Gating with SE (squeeze-and-excitation) attention while decoders consist of adaptive attention skip fusion which
comprises of Swarm ception Residual ASPP bridges. These components allow the model to recover important details of the boundaries
of the tumors irrespective to their shape, size, and the tissue contrast in CT scans.In order to improve segmentation, the HSCS-NET
framework is equipped with a hybrid optimization module based on PSO (Particle Swarm Optimization) and GWO (Grey Wolf Optimization)
for dynamic feature selection and reliable convergence. The model was evaluated against the 3DIRCADb1 Liver Tumor Segmentation
Challenge (LiTS) dataset and significantly outperformed all other models achieving a Dice coefficient value of 0.98, Accuracy of 0.9891,
and Precision of 0.9901.This marks a substantial improvement over prior models such as Christ et al's CNN (Dice: 0.823), Wu et
al’s Fuzzy C-means + GC (Dice: 0.83), Muhammad et al’s ResNet (Dice: 0.87, Accuracy: 0.945, Precision: 0.93), and Kaur et al’s
PSO-PSP-Net (Accuracy: 0.9754, Precision: 0.9632).The HSCS-NET architecture is mathematically grounded, modularly extensible,
and validated through rigorous cross-validation and confidence refinement. With its high segmentation performance, clinical reliability,
and computational efficiency, HSCS-NET stands as a superior advancement in automated liver cancer diagnostics, reducing clinician
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workload and improving patient prognoses through precision imaging.

INTRODUCTION

Image segmentation stands as a critical computational strategy
in computer vision, offering transformative potential in medical
imaging and diagnostics. Among its many clinical applications,
segmentation plays an instrumental role in the accurate identifica-
tion and delineation of anatomical structures, which is particularly
vital in oncological assessments. Liver cancer, known for its high
fatality rate and diagnostic complexity, represents one of the fore-
most challenges in global health. It is recognized as the second
most common cause of cancer-related deaths worldwide. To evalu-
ate liver conditions and detect malignancies, radiologists primarily
rely on imaging modalities such as computed tomography (CT)
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and magnetic resonance imaging (MRI). These modalities generate
volumetric 3D scans; however, for practical implementation and
computational efficiency, slice-wise 2D segmentation is often em-
ployed in both manual annotation and automated model training.
Therefore, despite being

derived from 3D volumes, the use of "image segmentation"
terminology is appropriate in this context. The primary meth-
ods that radiologists and oncologists traditionally use to examine
liver structure and texture consist of computed tomography (CT)
and magnetic resonance imaging (MRI). Multiple imaging tech-
niques enable medical professionals to discover anomalies that
function as biomarkers for liver malignancy diagnosis and ongo-
ing observation. The combination of manual and semi-manual
approaches when evaluating liver CT volume scans produces in-
creased chances for procedural difficulties to arise. As reported
by the World Health Organization, liver cancer is one of the top
three causes of cancer deaths globally. Timely and precise detec-
tion of liver tumors is critical for indeed treatment and favorable
prognostic outcomes. Computed Tomography (CT) imaging is
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instrumental in the diagnosis and staging of liver cancer. Nonethe-
less, the manual segmentation of the liver and the tumors associ-
ated with it from the CT images is an arduous and tedious task
that is fraught with the potential for numerous errors (Cakmak
et al. 2026). To overcome these difficulties, different automated ap-
proaches for liver and tumor segmentation have been developed,
most of which emphasize the use of modern machine learning
techniques in conjunction with image processing. Among these
approaches, slice-wise image segmentation has been identified
as an effective approach to some of the problems associated with
3D medical image segmentation. Slice-wise segmentation is the
process by which a 3D volume is separated into 2D slices, each of
which is then processed individually for segmentation. By convert-
ing a 3D problem into a sequence of 2D problems, this approach
greatly decreases the computational burden (Pacal and Cakmak
2025).

Moreover, it permits models to consider local contextual details
pertaining to each slice while also leveraging the spatial context of
the full 3D volume. This has been used extensively in liver tumor
segmentation since it achieves a good trade-off between compu-
tational cost and segmentation precision. The idea of slice-wise
segmentation has been the subject of extensive refinement over the
years, with numerous researchers contributing to this work. Christ
et al. (2016) pioneered the use of cascaded fully convolutional neu-
ral networks (FCNs) and 3D conditional random fields (CRFs) for
the automated segmentation of liver and liver lesions in CT im-
ages. Their method incorporated a cascade of FCNs to perform
liver and lesion segmentation on a per-slice basis, applying CRFs
to merge spatial information from neighboring slices for boundary
refinement post-segmentation. This was one of the earliest works
in the automation of deep learning-based liver tumor detection,
demonstrating the efficacy of slice-wise segmented approaches.
Many other studies have since built upon his work, demonstrating
the relevance of slice-wise segmentation in clinical settings. Jin et al.
(2020) proposed RA-UNet, a novel hybrid attention deep network
aimed at extracting liver and tumor regions from CT scans.

Their approach uses an attention mechanism that helps direct
the network’s focus to pertinent areas in each slice, thereby increas-
ing the accuracy of segmentation. This attention mechanism works
well in CT images since the features of liver tumors are of differ-
ing intensities and textures. Slice-wise segmentation in RA-UNet
helps the model to better identify the liver and tumors within each
slice through parallel processing regardless of how challenging
each slice may be. Jiang et al. (2019) also suggested AH-CNet, a
hybrid deep learning model with attention and hybrid connections
focused on liver tumor segmentation in CT volumes. AH-CNet
processes CT images slice by slice, capturing both global and local
contexts to perform the segmentation of the liver and tumors with
precision. This approach allows the model to focus on specific
features, such as tumor boundaries, whilst keeping in mind the
inter-slice context. With the use of attention mechanisms, AH-
CNet adapts to liver tumors’ varying characteristics in different CT
slices, improving segmentation accuracy. The past several years
have witnessed great strides in the area of medical image segmen-
tation, particularly through the use of deep learning and convolu-
tional neural networks; CNNs, as noted by Krizhevsky et al. (2017)
demonstrated the effectiveness of hierarchical feature learning
through the use of deep CNNSs for image classification. This inno-
vation essentially caters to the progression of deep learning tech-
niques in the domain of medical image segmentation, such as the
segmentation of CT images slice-wise. Li ef al. (2014) advanced this
concept by integrating texture analysis with level-set methods for
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liver segmentation in CT images. Their approach utilized a multi-
step method where slice-wise analysis was applied to address the
challenging aspects of the liver’s anatomical diversity, where tex-
ture features refined the segmentation process tailored to each slice.
Li et al. (2018) proposed H-DenseUNet, a hybrid model of densely
connected UNet tailored for liver and tumor segmentation from
CT volumes. Incorporating dense connections between layers to
improve feature reuse enables the model to learn complex repre-
sentations, enhancing its performance. H-DenseUNet processes
each CT slice independently, applying strong dense connectivity
improves slice-wise segmentation accuracy and 3D CT volumetric
liver tumor segmentation performance. Besides using FCNs and
CNN-based approaches, the adaptive fast marching method is an-
other approach to liver segmentation. Song et al. (2013) Developed
a framework with an adaptive fast marching technique tailored
for automatic liver segmentation in CT images, processing them
slice by slice. This method is highly effective for automated liver
segmentation in clinical practice because of its ability to manage a
variety of complex liver shapes and heterogeneous tissue proper-
ties. The efficiency achieved through a slice-wise approach shows
that each slice is processed independently, preserving accuracy
while ensuring speed. Some researchers explored the use of deep
learning methodologies for liver mass differentiation. Through the
use of CNNSs, Yasaka et al. (2018) classified liver masses in dynamic
contrast-enhanced CT scans. Their work proved that slice-wise
segmentation, where each slice was scrutinized for tumor presence,
is useful for liver mass differentiation. The application of slice-wise
segmentation enables the CNN to concentrate on specific features
associated with each mass which enhances the model’s differentia-
tion between benign and malignant liver lesions. Liver cancer is
one of the most diagnosed and deadly cancers globally; the world
health organization emphasizes on this fact. In order to improve
patient outcomes and lower mortality rates, early detection and
accurate segmentation of liver tumors is critical (World Health
Organization 2021) . Li et al. (2022) investigated the global burden
of liver cancer and highlighted the necessity of advancements in
diagnostic technologies, especially automated liver tumor segmen-
tation systems, in order to expedite the diagnosis and treatment
of the ailment. In areas that lack proficient radiologist, the appli-
cation of automated segmentation techniques that use slice-wise
segmentation would greatly improve the speed and precision of
diagnosing liver cancer. The use of FCNs for automatic segmenta-
tion of liver tumors in multi phased contrast enhanced CT images
was done by Sun et al. (2017). They demonstrated the successful ap-
plication of slice wise segmentation in overcoming the challenges
presented by multi-phase CT scans, where tumors may exhibit
different appearances in each phase. Their model achieved accu-
rate segmentation of both the liver and tumors throughout the
various phases of the contrast-enhanced CT scan by processing
each slice individually. In the study by Christ (2017) enhanced the
understanding of convolutional neural networks in the context
of medical image classification and segmentation. His approach
on slice-wise segmentation, in particular, has greatly advanced
the field of automated segmentation of liver and tumor tissues
from CT scans. Combination of fuzzy C-means and graph cuts
has proven effective for the segmentation of liver tumors in 3D CT
images. Wu et al. (2017) applied these techniques in a slice-wise
manner and achieved notable success in high accuracy segmenta-
tion. Their method is effective for complex liver tumor structures
because it permits slice-by-slice tumor segmentation while main-
taining spatial coherence between the slices. The work of Lu et al.
(2020) illustrates the use of sophisticated algorithms like VGG and
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extreme learning machines in the analysis of medical images. Their
diagnosis of cerebral microbleeds using slice-wise segmentation
displays the ability of the methodology to enhance the diagnosis
and treatment strategies for many medical conditions. As has been
established, slice-wise image segmentation is one of the most im-
portant techniques for liver and tumor segmentation in CT scans.
Slice-wise segmentation translates 3D CT volume processing into
2D slices to lower computational workload while fully automating
liver tumor segmentation. The contributions from authors such
as Christ et al. (2016), Jin et al. (2020), Jiang et al. (2019), among
others, have clearly proven the importance of deep learning and
slice-wise techniques in fully automating liver tumor detection and
advanced research in the domain. Given the rapid proliferation of
liver cancer cases worldwide, there is an ever-growing demand for
reliable and fully automated diagnostic systems, making further
research into slice-wise segmentation techniques highly beneficial
to liver cancer patients in regard to their treatment and prognosis.

LITERATURE REVIEW

There has been remarkable advancement in utilizing sophisticated
deep learning methods for the analysis of medical images. In this
review, we discuss the application of deep learning algorithms
and optimization techniques in the segmentation and diagnosis of
important medical disorders such as liver tumors, cerebral microb-
leeds, and cancers. An enhanced fuzzy C-means algorithm with
graph cuts for the 3D segmentation of liver tumors in CT images
marked an advancement in accurately and efficiently tumor seg-
menting within liver CT scans, pivotal for precision in diagnosis
and treatment planning (Wu et al. 2017). Further study into the
diagnosis of cerebral microbleeds using a VGG network with an
extreme learning machine (ELM) optimized through a Gaussian
map bat algorithm demonstrated the efficacy of hybrid models
in enhancing diagnostic accuracy through the added complexity
of microbleeds in neuroimaging (Lu et al. 2020). More recently, a
study using MONAI and Pytorch for liver tumor segmentation in
CT images highlighted the remarkable ability of transfer learning
and domain-specific models to accurately identify tumors in radio-
logical images. An optimized computer-aided diagnostic model for
liver tumor detection based on InceptionV3 highlighted the need
for hyperparameter optimization and model refinement in medi-
cal image analysis, especially with CT scan slices (Kaur and Kaur
2024). The ACE-SeizNet model boosts automated seizure detection
through the fusion of multi-domain deep features. The integration
of attention mechanisms in EEG signal processing prioritizes criti-
cal features for real-time seizure detection, demonstrating a novel
application in clinical environments (Banerjee 2025a). To enhance
transparency in Al models, which is pivotal for clinical validation
and real-time use in cancer diagnostics, a pyramidal explainable
Al framework for cervical cancer detection was proposed (Banerjee
2025b). An effective focus on diagnostic accuracy and reliability for
cancer detection systems using histopathological images of lung
cancer lesions was applied through a pyramidal attention network,
which highlights critical tissue sample features (Banerjee 2025c).
HHO-UNet-IAA, an architecture for glaucoma segmentation, em-
ploys a novel optimization-based technique which integrates at-
tention with UNet-Inception and Harris Hawks Optimization to
bolster the segmentation of glaucoma-related features in medical
imaging (Banerjee et al. 2025). Utilizing a deep convolutional neu-
ral network, Falcon, along with transfer learning, proved effective
for malaria parasite detection, showcasing the role of deep learn-
ing in disease detection with limited labeled data and pretrained
models (Banerjee et al. 2022a). Attention mechanisms significantly

Artiﬁcial Intelligence in Applied Sciences

improved the discrimination for detection of subtle pneumonia
symptom variations, as demonstrated by the high diagnostic ac-
curacy achieved using the attention-based discrimination model
focused on mycoplasma pneumonia (Banerjee et al. 2022b). Further
research emphasized neural network-based strategies for handling
textual information highlight the significance of converting text
features into vectors for machine learning in healthcare (Banerjee
et al. 2022c). Advanced image creation strategies such as GANSs are
increasingly utilized within healthcare, enhancing diagnostic per-
formance by enabling the application of deep belief convolutional
networks toward pneumonia diagnoses through the augmentation
of synthetic image generation techniques (Banerjee et al. 2021b). In-
tegrating GANs with convolutional neural networks for improved
classification of pneumonia in radiological samples demonstrates
the capability of generative models to address challenges posed
by limited datasets in medical imaging (Banerjee ef al. 2021a). The
study on hand sign recognition using infrared images from Leap
Motion sensors contributed to novel, non-intrusive technologies
in healthcare for sign language recognition aimed at aiding the
hearing impaired population (Banerjee et al. 2021c). The applica-
tion of a multi-dimensional structured neural network to analyze
driving behaviors and compute a driver score advanced deep learn-
ing from the realm of healthcare to include transportation safety
(Karthikeyan et al. 2021). The use of a single-node Hadoop clus-
ter for small scale automation in an industrial setting illustrated
the application of computational models and cluster systems in
automating industrial processes, revealing the fusion of machine
learning and industrial automation (Peesa et al. 2020). Using Resio-
Inception U-Net as a thoracic organ segmentation mask enables
improved segmentation of thoracic organs which aids in more
precise diagnosis and treatment planning (Saminathan et al. 2024).
An integrated method for breast cancer classification incorporating
aggressiveness delineation techniques was developed which com-
prehensively addressed the problem of breast cancer categorization
by focusing on tumor aggressiveness, a critical determinant for
treatment selection (Singh et al. 2025a). A review post analyz-
ing different machine learning and deep learning approaches to
predicting the responses to anti-cancer drugs offered a review of
approaches, which highlighted the intersection of cancer care and
artificial intelligence, advancing the field of personalized medicine
(Singh et al. 2025b). A strong prognosis model of kidney carci-
noma using Swin-ViT and DeepLabV3+ with multi model transfer
learning for better prognosis and characterization of the kidney
carcinoma demonstrated the increasing application of transformer
models and transfer learning in the analysis of medical images
(Rehman et al. 2025). These studies highlight the significant im-
pacts that the application of techniques of optimization and deep
learning will have on medical diagnostics. It illustrates the in-
creasing capabilities of Al in developing solutions to problems
in healthcare that are more precise, more efficient, and easier to
understand.

Contribution of the Study

¢ Study work to create a deep learning-based framework that
uses varied liver tumor CT images for better region of interest
identification accuracy and efficiency.

¢ In contrast to previous studies, which mainly depended on
enhanced MRI and CT scans for narrow liver tumor type
examination, this research improves feature extraction and
organizational structures by employing Convolutional Neural
Networks (CNNs).

* The automated system improves both diagnostic precision
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and healthcare professional workflow by finding and catego-
rizing liver tumors; therefore, it shortens the amount of time
needed and work required.

¢ The adaptable model demonstrates the potential to develop
across different inputs and circumstances, thus offering value
to extended medical applications.

MATERIALS AND METHODS

Algorithm 1 Hawk-SwarmCeption Segmentation Network(HSCS-
Net) presents a comprehensive and modular pipeline (showcased
in Algorithm 1) designed for liver and liver tumor segmentation
from CT images. The framework integrates classical image pre-
processing techniques, advanced multi-scale feature extraction,
attention-driven encoder-decoder design, and hybrid feature se-
lection strategies to achieve high segmentation performance in
medical imaging tasks. The pipeline starts with image prepro-
cessing, in which each CT image is normalized by its mean and
standard deviation to ensure consistency in intensity scaling across
the entire dataset. After normalization, the image’s contrast is
enhanced using CLAHE (Contrast Limited Adaptive Histogram
Equalization), which is useful in accentuating low organ contours
in liver CT scans. The images are resized to a given resolution and
undergo data augmentation to improve model generalization and
reduce overfitting. In the multi-scale feature extraction stage, the
network uses a modified version of the Inception module consist-
ing of parallel 1x1, 3x3, and 5x5 depthwise convolutions. This
model is able to capture features at different receptive fields and
thus detect both fine and coarse anatomical structures. As dis-
cussed, batch normalization and ReLU activation are added after
each convolutional operation to stabilize and activate the feature
maps. The generated multi-scale feature maps are concatenated.
They are then processed by channel attention, which adaptively
adjusts the importance of each channel based on its contribution to
the segmentation. Following this, the HSCS-Net is equipped with
Hawk-Swarm attention-driven encoder-decoder which serves as
the core structural advancement of the HSCS-Net. This module is
described in Algorithm 4, which details the incorporation of Hawk
gating frameworks alongside squeeze-and-excitation (SE) blocks
into the encoder to improve spatial and channel feature selectiv-
ity. An Atrous Spatial Pyramid Pooling (ASPP) module is placed
at the bridge between the encoder and decoder to obtain multi-
scale contextual information at several dilation levels, after which
Swarmception residual fusion further enhances feature represen-
tation via residual learning. The decoder employs adaptive skip
fusion in which the decoder outputs are modulated with spatial
attention maps and infused with the corresponding encoder fea-
tures, ensuring that critical spatial details and context required for
accurate segmentation are preserved. To remove limitations of the
former approach, the model is augmented with a hybrid feature
selection scheme which uses PSO and GWO. A binary population
of feature masks is initialized representing a subset of the extracted
features. In optimization, each candidate is assessed with a fitness
function that combines Dice loss and Binary Cross-Entropy loss
computed from the segmentation output of HSCS-Net. While PSO
motivates the exploration of the feature space by updating particles
with regard to personal and global best positions, GWO utilizes
the social hierarchy of alpha, beta, and delta wolves to exploit the
search space. The integration of both approaches facilitates and
strengthens feature subset selection by minimizing redundancy
and maximizing accuracy in segmentation.

The employed loss function is a weighted sum of Dice loss,
Binary Cross-Entropy loss, and a structural similarity term (SSIM)
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which fosters overlap accuracy, pixel-wise separation fidelity, and
anatomical structure preservation, respectively. Training the model
with Adam optimizer applying step-wise learning rate reduction
along with gradient clipping achieves stable convergence prevent-
ing explosion of the gradients during training.

Finally, the model is assessed using a comprehensive set of per-
formance indicators including Dice coefficient, Jaccard index (IoU),
Precision, Recall, and SSIM. To ensure statistical rigor, the frame-
work implements k-fold cross validation and reports aggregated
metrics such as mean, variance, and kurtosis of the performance
scores across the folds. Overall, HSCS-Net framework epitomizes
the integration of attention mechanisms and multi-scale feature
modeling with optimization and biologically inspired reasoning,
guided stratified loss functions to provide a robust, versatile, and
clinically interpretable solution for liver and tumor segmentation
in imaging.

The Figure 1 Proposed Model framework presents a compre-
hensive liver segmentation pipeline utilizing deep learning and
hybrid optimization techniques. It begins with image acquisition,
where CT scan images are collected and split into training (70%),
validation (20%), and testing (10%) subsets to ensure proper model
generalization. The preprocessing stage involves image resizing,
cropping, and data augmentation techniques such as rotation, flip-
ping, and intensity variations to improve robustness. The core
segmentation process is enhanced using Particle Swarm Optimiza-
tion (PSO) and Grey Wolf Optimization (GWO), which optimize
feature selection and hyperparameters to refine segmentation ac-
curacy.
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Figure 1 Proposed Model framework presents a comprehensive
liver segmentation pipeline utilizing deep learning and hybrid opti-
mization techniques

The segmentation model, referred to as HCS Network (Hy-
brid Convolutional Segmentation Network), utilizes an encoder-
decoder structure in which the encoder performs hierarchical fea-
ture extraction and combines shallow and deep feature learning
through a pyramid pooling module which enables extraction of
multi- scale features. After upscaling the feature maps, the decoder
incorporates skip connections to facilitate accurate boundary detec-
tion. The final output after semantic segmentation highlights the
liver in green, clearly delineating it from the surrounding tissues.
This framework is optimized using hybrid strategies along with
multi-scale feature extraction and attention-based feature refine-
ment to increase accuracy of segmentation, thus making it viable
for medical imaging in the diagnosis of liver diseases and detection
of tumors.

Data Description

The proposed approach is assessed using two datasets:
3DIRCADD]1 (Bilic et al. 2019) and the Liver Tumor Segmentation
Challenge (LiTS) (Soler et al. 2010). The LiTS dataset consists of
abdominal CT and MRI images, with 20 sets of CT scans utilized
for both training and testing purposes. Pixel-wise segmentation
is conducted, with 70% of the data allocated for training, 20% for
validation, and 10% for testing.

Optimization

Altering parameters for Particle Swarm Optimization (PSO) and
Grey Wolf Optimization (GWO) improves the accuracy for liver
tumor segmentation. PSO enhances segmentation by mimicking
avian social behavior, searching for better strategies to optimize
fitness loss. GWO achieves a manual balance between exploration
and exploitation in pursuit of optimal segmentation results by
emulating wolf hunting strategies. The novelty of utilizing these
techniques lies in their ability to significantly improve the accuracy
of segmentation and their flexibility in adapting to various imaging
scenarios, successfully addressing challenges such as irregular
tumor shapes and varying contrasts.

Hawk-Swarmception Segmentation Network

The Hawk-SwarmCeption architecture is an advanced model that
merges the Encoder Decoder Module and Inception network de-
signs by integrating cross-feature connections to enhance the effi-
ciency of segmentation. Our combined architecture uses Encoder
Decoder Module and Inception network elements to fix common
problems with basic image segmentation methods (illustrated in
Algorithm 2). The Encoder Decoder Module encoder-decoder
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design helps medical image segmentation tasks because it pre-
serves spatial data and locates structures accurately. The network
connects the encoder directly to the decoder so the feature in-
formation is protected and stays intact during the process. The
Encoder Decoder Module model keeps precise anatomical informa-
tion through every stage to make accurate segmentations within
liver tumor areas.

Besides Encoder Decoder Module functionality, the inception
network brings multi-scale feature extraction power by combining
different size convolution filters into single network. The model
can detect both small and large tumor details better by processing
images at various levels. Parallel convolutions help the network
learn context from both small and large areas which makes it
better at processing different liver tumor types. The hybrid model
uses combined network designs that better detects tumors while
making more precise feature extractions. This design allows the
network to accurately capture features of different sizes and levels
of complexity, hence improving its capacity to understand a wide
range of patterns and fine details inside the image. Inception
modules, as observed in InceptionV3, use filters of different sizes
(1x1, 3x3, 5x5) and pooling operations to achieve a comprehensive
analysis of the visual features.

Algorithm 2 HSCS-NET: Liver and Liver Tumor Segmentation Algorithm
1: Input: CT image I € B"*W Ground truth label L € RH*W
2: QOutput: Segmentation map 8 € R¥=W

: Step 1: Input Preparation
Load CT scan image I
Load corresponding ground truth mask L

. Step 2: Multi-Scale Feature Extraction via Inception Modules

6
7: for each level i € {1,2,...,] N} do

& Apply Inception block: Fi _ +« M (I)

9: end for

10: Concatenate multi-scale features: Fy,. « Concat(FL_,... . FY)

11: Step 3: Cross-Feature Integration with Encoder

12: for each encoder layer i € {1,2,...,] N} do

13: Fl..« &) & Extract features from encoder
14: ross — Fuse(Fi  F. ) © Cross-feature concatenation or summation
15: end for

16: Step 4: Decoding and Segmentation Reconstruction
17: Decode fused features using decoder: 8 « D(F!__....., FX )
1% return S & Final liver and tumor segmentation mask

Algorithm 2 HSCS-NET Network Algorithm for Liver and Liver
Tumor Segmentation, showcases that the Inception modules are
embedded into the Encoder Decoder Module framework, partic-
ularly within the encoder section. This integration enhances the
model’s feature extraction capabilities by combining detailed multi-
scale features from the Inception modules with the spatial context
preserved by the Encoder Decoder Module’s skip connections.

Hawk-Swarm Optimization framework

The Haris-Swarm Optimization Framework presents a novel hy-
brid approach for feature selection by integrating two powerful
swarm intelligence algorithms, Particle Swarm Optimization (PSO)
and Grey Wolf Optimization (GWO) (defined in Algorithm 3). This
dual-strategy mechanism is designed to identify the most relevant
and informative features from a high-dimensional feature space
extracted from CT scans, prior to liver and tumor segmentation us-
ing the Hawk-SwarmCeption Segmentation Network (HSCS-Net).
Feature selection plays a critical role in eliminating redundancy,
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reducing overfitting, and improving computational efficiency, espe-
cially in medical imaging tasks where large and complex datasets
are prevalent.

As a binary vector X; € {0,1}", where each bit indicates the
inclusion or exclusion of a corresponding feature. A population
of such vectors is initialized randomly, forming the candidate so-
lutions. Each solution is evaluated using a fitness function that
measures segmentation performance, typically the Dice coefficient
or Intersection over Union (IoU), after feeding the selected subset
of features into HSCS-Net. The PSO component drives global ex-
ploration by updating each particle’s velocity and position based
on its personal best and the global best solution found so far. The
velocity update equation incorporates inertia as well as cognitive
and social terms, steering particles towards more promising areas
within the search space. Following this, each particle’s position is
transformed into a binary vector using a sigmoid-based threshold-
ing method.

At the same time, the GWO component captures local exploita-
tion by simulating the social structure of grey wolves. The top
three solutions which are referred to as alpha, beta, and delta are
used to steer the remaining population with adaptive coefficient-
based distance updates. A candidate solution is drawn towards
the leading wolves, and the average of the modified positions
determines where the search agent will be placed. This GWO
mechanism enhances convergence by reinforcing top consensus
divergence while maintaining diversity. After every iteration, both
global best, which is PSO, and top wolves, GWO, are refreshed
with the latest fitness score. By integrating PSO and GWO within
a single framework, both the exploration and exploitation phases
are optimally conducted in selecting the feature subset F* .After
selection, the subset is used as input for HSCS-Net which applies
multi-scale Inception modules and cross-feature skip connections
in an encoder-decoder framework to accurately segment the liver
and tumors. The network’s ability to disregard clinically irrele-
vant features enhances the accuracy and efficiency of the segmen-
tation process and reduces the complexity of the training phase.
Apart from these advantages, the Haris-Swarm architecture greatly
improves the generalization capability of HSCS-Net, and simul-
taneously provides a robust, flexible, and scalable approach to
biomedical image analysis.

Algorithm 3 introduces a biologically inspired optimization
approach that combines Particle Swarm Optimization (PSO) and
Grey Wolf Optimizer (GWO) to perform intelligent feature selec-
tion before final segmentation is carried out by the HSCS-Net. This
hybridization ensures the selection of the most informative and
discriminative features, which ultimately improves segmentation
performance while reducing redundant or irrelevant data.

The pipeline begins with the initialization phase, where a
population of binary solution vectors Xfo)) € (0,1)" is gener-
ated. Each vector represents a subset of the entire feature matrix
F = f1,f2,..., fu, witha 1" indicating selection and a "0” indicating
exclusion of the corresponding feature. For each solution vector,
the subset of features it represents is used to perform segmentation
via the HSCS-Net, and the segmentation output is evaluated using
performance metrics such as Dice Score or Intersection over Union
(IoU). This evaluation serves as the fitness function ] determining
how suitable each solution is. The best-performing individual in
the population is selected as the global best (GB) in the context
of PSO, while the top three solutions are labelled as By,B;,B3 and
are used for GWO updates, reflecting the alpha, beta, and delta
wolves in the optimization hierarchy.The core of the algorithm lies
in Step 1: Hybrid Optimization, where both PSO and GWO strate-
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gies are applied iteratively over a defined number of iterations
T. In the PSO update, each solution adjusts its position based on
its own previous best solution and the global best, incorporating
random perturbations controlled by coefficients c; and cp. The
velocity vector is updated, and the position is transformed using a
sigmoid activation function to produce a binary decision through
thresholding. This ensures that the updates remain within a binary
search space suitable for feature selection tasks.Concurrently, the
GWO update computes new candidate solutions based on the sim-
ulated hunting behaviour of grey wolves. Distances from each of
the top three wolves (Bj, By, B3) to the current solution are calcu-
lated, and new positions Xi, X5, X3 are computed by modulating
these distances with coefficients A and C, which are themselves
randomly generated to simulate exploration and exploitation. The
final updated position for the candidate solution is derived by
averaging the three positions, and this average is again thresh-
older to produce a binary feature mask. The fitness of the updated
solution is then reevaluated using the HSCS-Net segmentation
output.After completing all iterations, the algorithm proceeds to
Step 2: Feature Selection and Segmentation. Here, the best so-
lution vector Xbest from the final iteration defines the optimal
subset of features F*. These selected features are then passed to
the HSCS-Net model to generate the final segmentation output
S. This step ensures that only the most relevant features, as de-
termined by the hybrid optimization process, contribute to the
segmentation, resulting in better performance and reduced compu-
tational overhead. In summary, this hybrid PSO-GWO algorithm
serves as a powerful metaheuristic wrapper around the HSCS-Net
segmentation model. It systematically explores the feature space
to eliminate redundancy, improve segmentation accuracy, and
enhance model generalization. The biologically inspired design
effectively balances exploration and exploitation, yielding robust
feature selection tailored to the underlying segmentation objective.

Hawk-Swarm Attention-Driven Encoder-Decoder Architecture

The Hawk-Swarm Attention-Driven Encoder-Decoder is the main
framework of HSCSNet. It is aimed at improving the segmentation
task by incorporating hierarchical attentionand context at multiple
scales. This architecture includes three major parts: (1) Encoder
with Hawk gating and SE attention paced squeeze-and-excitation
(SE) attention, (2) Bridge block with Swarmception residual fusion
and ASPP, and (3) Decoder with adaptive skip fusion which is
highlighted in these illustrations. During the encoder phase, the
input feature tensor F in RHWC, obtained from previous Incep-
tion modules, goes through hierarchical down-sampling through a
series of strided convolutional layers. For each level I, the encoder
applies a standard convolution with stride s=2 to reduce spatial
dimensions and extract coarse features. These downsampled fea-
tures, denoted as E! are then refined using squeeze-and-excitation
(SE) attention. The SE module computes a global descriptor z! via
global average pooling (GAP), which is subsequently transformed
using a two-layer fully connected network with non-linearities
(ReLU and sigmoid) to produce channel attention weights s. These
weights recalibrate the feature maps via channel-wise scaling, al-
lowing the network to emphasize more informative channels and
suppress less relevant ones. Building upon this, a novel Hawk
attention gate is introduced to perform spatial modulation. The
recalibrated feature maps E! are passed through a convolutional
gating unit, where a batch normalization layer and a sigmoid acti-
vation produce a spatial gate G'. This gate performs element-wise
multiplication with the recalibrated features, resulting in spatially

attentive representations E(] )- These modulated features are stored
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Algorithm 3 Hybrid PSO-GWO Feature Selection Integrated with HSCS-Net
for Liver and Tumor Segmentation

2:

13:

16:
17:
18:;
19:

21:

Input: Extracted feature matrix F = {f}, fa...., S}, population size P,
number of iterations T', CT image I
Output: Final segmentation mask § € RH>W

: Imitialization:

Initialize a population of binary solution vectors rY,:[nJ € {0,1}" for i =
1.2,....P

Each vector A encodes feature selection: F; = {f; € F | &5 ; = 1}
Evaluate the initial fitness of each particle/wolf:

Fitness(A;) = J(HSCS(1. F:)) = Dice Score, lol, ete.

Identify initial global best (P50): GB + arg max Fitness(A5)
Identify top three wolves (GWO): B,. Bs. By «+ Top-3 sorted A

Step 1: Hybrid Optimization via PSO and GWO

: for each iteration ¢ = 1 to T do

for each particle/wolf i = 1 to P do
PSO Update: Update velocity and position

r.rf“'” =w- |.*ErJ +eiry - (g — .-Y_-m}l + cars - (GB — .-'t",-"'”}

A — sigmoid(e!**!) = @ (binary update)
GWO Update: Compute new position from top wolves

Dy=|Cy By - XY, X,=B,—-A;-D

Dy =|C2-B2— X/"|, X2=B2— Az-Da

D3 =|Cs-Bs— X", Xs=Bs— As-Ds

X1+ Xa+ X3
3

Threshold .-1:':[”'” to binary: .R:'I-EH'” e {01}
Re-evaluate fitness:

th[t+ 1) —

Fitness(A"*") = J(HSCS(1, 7))

end for
Update personal bests and global best GB +« arg max Fitness(A5)
Update top 3 wolves B, By, By + Sorted(A])

end for

Step 2: Feature Selection and Segmentation
Extract optimal subset: F* = Fy,
Run HSCS-Net on selected features:
3
S = HSCS(LF")

: return S as the final segmented mask
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for skip connections and forwarded through the encoder hierarchy,
creating a multiscale and attention-enriched encoding.

The bridge stage operates at the bottleneck of the encoder-
decoder architecture. It begins with defining the final encoder
output E (l) as the bridge input Epridge. The architecture then
applies Atrous Spatial Pyramid Pooling (ASPP) with multiple dila-
tion rates (6, 12, 18) to extract features at varying receptive fields,
enhancing the context sensitivity of the model without increasing
computation. The output from ASPP is passed through a custom
Swarmception residual fusion module. This fusion block performs
a residual aggregation of the ASPP features, followed by batch
normalization and a ReLU activation, effectively learning deeper
interactions among multiscale context representations.

In the decoder stage, the architecture initiates the reconstruc-
tion of segmentation masks from the bottleneck representation.
Starting from the deepest level, the decoder performs upsampling
through a combination of bilinear interpolation and transposed
convolutions to increase spatial resolution. At each decoding level,
the model retrieves the corresponding encoder feature E (l> stored

from the encoding phase. It computes a spatial attention map A
using a 1x11 11x1 convolution followed by a sigmoid activation
applied to the encoder feature. This attention map guides the adap-
tive fusion of encoder and decoder features. The final decoded
feature map U’ at each level is generated as a weighted combina-
tion of decoder output and encoder features, where Al controls the
balance between new predictions and spatially rich skip features.
This ensures that fine details suppressed during down-sampling
are adaptively reintroduced during reconstruction.The decoder
concludes by outputting the final feature map U = U, which
contains the segmentation-relevant spatial and contextual informa-
tion necessary to produce the final prediction. This architecture,
through its combined use of SE and spatial attention (Hawk gat-
ing), context-enhancing ASPP, and adaptive skip connections, is
designed to preserve structural integrity and improve boundary
delineation in medical image segmentation.

The HSCS-NET network as shown by Algorithm 2 works as
follows:

The Inception modules, with their diverse convolutional filters,
extract rich and varied features from the input CT images. These
features capture different spatial resolutions and semantic details.

Cross-Feature Connection, Features from the Inception mod-
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ules are passed through cross-feature connections to the corre-
sponding layers in Encoder Decoder Module s decoder. This
cross-connection ensures that the detailed multi-scale features are
integrated with the spatial information from the encoder.

As the information from the Inception modules merges with
the Encoder Decoder Module decoder, the network can utilize
both high-level contextual information and fine-grained details for
segmentation tasks. This hybrid approach results in more accurate
and precise segmentation of liver and liver tumors.

RESULTS AND DISCUSSION

This section evaluates the quantitative and qualitative assessment
of our liver segmentation method, focusing on evaluation of the
measurements of Dice Coefficient, Accuracy, and Precision. The as-
sessment of efficacy of our technique takes into account the hepatic
region’s division with these factors. The Dice Coefficient quantifies
the overlap between prediction and actual liver region segmen-
tation while Accuracy evaluates the over-all correctly segmented
areas over the total area. Precision evaluates the segmented area
counted as detected where stream of liver recognition prediction
occurs while truly positive cases only comprise of a subset. All
these metrics mentioned above form a composite description cov-
ering the strengths and weaknesses of our segmentation method.
The training process of HSCS-Net uses systematic approaches
aimed at maximum accuracy in the segmentation tasks of med-
ical images. Image enhancement involves a series of processes
starting from normalization, then resizing followed by data aug-
mentation to increase distribution using methods such as elastic
deformation, contrast adjustment, and rotation and flipping. To
ensure unbiased evaluation, the dataset is divided into three equal
parts comprising of training, validation, and testing in the ratio
of 80:10:10. An initialization step forms a network having four
encoder blocks and five decoding blocks constructed upon the
Inception backbone network. A feature selection optimization
strategy uses particle swarm optimization and grey wolf optimiza-
tion together for maintaining discriminate spatial features during
selection. Feature representation quality increases through the
combination of skip connections and attention mechanisms which
maintain vital information. The algorithm 4 uses dice loss together
with cross-entropy loss as the training mechanism to achieve ac-
curate segmentation and discrimination between different classes.
The training utilizes Adam optimizer with le-4 as the initial learn-
ing rate but incorporates cosine annealing scheduling to control the
learning rate dynamics across its sessions. The network performs
forward propagation to generate an output that backpropagation
modifies according to its weights. The algorithm stops training
when the dice coefficient on validation data fails to enhance dur-
ing ten successive epochs in order to avoid overfitting. The top
model selection happens through validation metric assessments
after which the test set receives evaluation through dice coefficient
measures alongside accuracy and precision and recall and jaccard
similarity metrics. HSCS-Net to effectively obtain spatial features
while optimizing features and achieving the highest possible accu-
racy in medical image segmentation tasks.

Ablation Study

The ablation study table analyzes different model configurations
by evaluating their performance through Dice Coefficient, Accu-
racy and Precision statistics. The different model versions use
varying numbers of encoder and decoder layers as well as back-
bone architectures. The study investigates the impact of model
depth and feature selection strategies, specifically the integration
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of Particle Swarm Optimization (PSO) and Grey Wolf Optimization
(GWO), on segmentation performance.

The HSCS-Net model which uses four encoder layers followed
by five decoder layers obtains maximum performance results on
all three metrics when coupled with the Inception backbone and
PSO/GWO feature selection. The model achieves highest perfor-
mance values of Dice Coefficient 0.98 and Accuracy 0.9891 com-
bined with Precision 0.9901.

The segmentation performance decreases as the model archi-
tecture becomes shallower when using 3-encoder and 3-decoder
configurations because deeper networks enable more effective spa-
tial feature extraction and representation. A 3-encoder, 3-decoder
model built with ConvexNet obtains a Dice Coefficient measure-
ment of 0.94 however this value remains significantly lower than
Dice Coefficient outcomes achieved with either 4-encoder or 5-
encoder model architecture designs. The segmentation perfor-
mance improves when encoder and decoder layers become deeper
because deeper networks enable better identification of complex
spatial patterns in the input data.

Among available backbone architectures Inception-based mod-
els show higher performance than both ResNet and ConvexNet
models. The top non-Inception model combines ResNet archi-
tecture with a 4-encoder along with 5-decoder structure to reach
Dice Coefficient performance at 0.96 andPrecision at 0.9793 with
Accuracy at 0.9782. The performance achieved by Inception-based
models surpasses other networks despite exhibiting overall mea-
sured results that are slightly weaker than the Inception pipelines.
The incorporation of PSO and GWO significantly enhances perfor-
mance by optimizing feature selection. This is particularly evident
in models that use both optimization techniques, as they consis-
tently outperform configurations without them. The results affirm
that hybrid feature selection methods play a crucial role in refining
feature extraction and improving classification robustness.

The Figure 2 visualizes the performance comparison of different
model configurations based on three key metrics: Dice Coefficient,
Accuracy, and Precision. The proposed HSCS-Net (4Enc-5Dec)
achieves the highest scores across all three metrics, demonstrat-
ing superior segmentation performance. Inception-based archi-
tectures with Particle Swarm Optimization (PSO) and Grey Wolf
Optimization (GWO) show strong results, outperforming ResNet
and ConvNet variants. Notably, configurations with additional
encoder and decoder layers (4Enc-4Dec and 4Enc-5Dec) tend to
enhance performance, highlighting the importance of deeper archi-
tectures in improving segmentation accuracy. The plot illustrates a
clear trend where hybrid optimization techniques (PSO + GWO)
contribute to higher precision and robustness in segmentation.

Performance Comparison of Different Model Configurations

Model Configurations

Figure 2 Ablation Study Performance
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Quantitative Analysis

The performance of the proposed HSCS-NET Network in detecting
liver and liver tumors from CT scan slices was assessed using con-
fusion matrices. Figure 3 Confusion Matrix displays the confusion
matrix, which highlights the detection accuracy across various
liver and liver tumor scenarios within the dataset.

i - - - § -
¥ 4

Figure 3 Confusion Matrix

In Table 2 State of the art analysis, showcases the comparison
between proposed HSCS-NET Network and other state of the art
techniques. The combination of high Dice Coefficient, accuracy,
and precision underscores the effectiveness of the HSCS-NET Net-
work model in liver tumor segmentation, demonstrating its ability
to provide accurate and reliable diagnostic support.

Table 2 State of the art analysis

References Exist- Dice Coefficient Precision

ing and Proposed

Accuracy

Christ (2017) - 0.823 - -
CNN-based

Sun et al. (2017) - - - -
FCNs-based

Wu et al. (2017) -  0.830 - -
Fuzzy C-means &
GC

Lu et al. (2020) — 0.670 - -
VGG & ELM

Muhammad and  0.870 0.945 0.930
Zhang (2024) -
ResNet

Kaur and Kaur - 0.9754 0.9632
(2024) — PSO-PSP-
Net + InceptionV3

Proposed — HSCS-  0.980 0.9891 0.9901
NET Network

Table 2 showcases the results of existing and proposed methods
using Dice Coefficient, Accuracy and Precision. Previous CNN
and/or clustering-based methods Christ (2017); Wu et al. (2017)
achieved Dice scores around 0.82-0.83 whereas Lu et al. (2020)
reported a Dice Coefficient of 0.67. New deep learning models
perform better, including Muhammad and Zhang (2024) with a
Dice score of 0.87, an accuracy of 0.945, and Kaur and Kaur (2024)
achieving high accuracy (0.9754) and precision (0.9632). The devel-
oped HSCS-NET yields better results compared to all the methods
and achieves 0.98 in Dice Coefficient, accuracy of 0.9891 and a
specificity of 0.9772.

23



Table 1 HSCS-NET Ablation Study

Model Configu-  Encoder Depth
ration

Decoder Depth ~ Backbone

PSO + GWO
Optimization T

Dice Coefficient ~ Accuracy 1 Precision 1

Baseline Con- 3 3 ConvexNet
vNet Segmenta-

tion

ConvNet + Hy- 3 3 ConvexNet
brid Optimiza-

tion

ConvNet + 4 3 ConvexNet
PPM + Hybrid

Optimization

ResNet-based 3 4 ResNet
Segmentation

ResNet + PPM 4 4 ResNet
+ Hybrid Opti-

mization

Inception- 3 4
based Segmen-
tation

Inception

Inception + 4 4
PPM + Hybrid
Optimization

Inception

Proposed - 4 5
HSCS-Net

Inception

0.8723 0.9452 0.9384

0.8964 0.9561 0.9513

0.9182 0.9685 0.9602

0.9027 0.9613 0.9584

0.9281 0.9734 0.9725

0.9104 0.9668 0.9647

0.9476 0.9803 0.9851

0.9800 0.9891 0.9901

Christetal. Sunet al {2017) Wu et al (2017) Lu et al. (2020) - Muhammad, 5  Kaur, ) et al Proposed
(2017)-CNN-  -FCNs-based - FuzzyC-means VGG &ELM  etal (2024)- (2024)-PSO-
based &GC Resnet PSP
InceptionV3

Dice Coefficent M Accuracy M Precaion

Figure 4 Comparison of our proposed model with existing state of
the art methods

The graph illustrates a comparative performance analysis of ex-
isting state-of-the-art methods and the proposed HSCS-NET model
based on Dice Coefficient, Accuracy, and Precision. The horizontal
axis represents different methods, while the vertical axis indicates
the corresponding performance scores. Earlier approaches show
comparatively lower metric values, reflecting limited segmenta-
tion accuracy. Recent deep learning—based methods demonstrate
noticeable improvement; however, variations in reported metrics
indicate inconsistent performance across models.

The proposed HSCS-NET consistently achieves the highest val-
ues across all metrics, forming the peak of the graph. This clear
performance gap highlights the effectiveness and robustness of the
proposed approach over existing methods. Overall, the graphical
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trend confirms that HSCS-NET provides superior segmentation
accuracy, precision, and reliability compared to both traditional
and recent deep learning techniques.

Qualitative analysis

Mask
Mask
Mask

Figure 5 Liver Prediction

Predicted Liver mask

Original Image Predicted Liver tumour

)
-

Original Image Predicted Liver mask Predicted Liver tumour

)
-

Original Image Predicted Liver mask

Predicted Liver tumour

Figure 5 Liver Prediction demonstrates the deployment of seman-
tic segmentation for liver and tumor lesion detection on the LiTS
dataset. This figure highlights the system implementation together
with its output. Semantic segmentation represents an essential
medical imaging technique which divides every image pixel so
healthcare specialists can distinguish healthy liver tissue from ma-
lignant lesions. The illustration shows the initial photographs
alongside the generated masks used for segmenting key areas
alongside model projection outputs. The masks efficiently display

Artiﬁcial Intelligence in Applied Sciences



the boundaries of liver tissue together with tumor locations which
provides a clear visual assessment ability for both original images
and segmented outputs. The illustration demonstrates how the
model effectively separates distinct tissues which remains essential
for doctors to make exact diagnosis and plan treatment strategies
when treating liver cancer. Results from model forecasts help de-
termine its effectiveness in operational healthcare establishments.

CT original Liver Tumor
- Ti Propesed Model
unage Ground Truth s Ao probability map  probability map

Figure 6 Liver Tumor Prediction

Dimensional Dual Path-Convolutional neural networks (TDP-
CNN) together with Fully connected conditional Random fields
segment both liver and tumors as shown in Figure 6 Liver Tumor
Prediction. The presented segmentation outcomes display several
performance outcomes. A small segment of tumor tissue shows
how the model performs well for detecting restricted tumor areas
and keeping them distinct. The model demonstrates its accuracy
through the identification of major tumors by showing its ability
to precisely retrieve substantial tumor tissues while preserving
unharmed liver areas. The model demonstrates its effectiveness
in intricate lesion cases through the inclusion of a sample which
contains multiple tumor locations. The TDP-CNN model demon-
strates reliable capabilities for detecting liver cancers accurately
because of its adjustable precision in medical diagnosis and thera-
peutic strategy assessment.

CONCLUSION

Applying the HSCS-NET Network model achieved impressive
results in terms of liver tumor detection throughput the segmen-
tation of liver tumors achieving a Dice Coefficient of 0.98 and an
accuracy of 0.9891. The model demonstrated better pixel classifica-
tion than the unnamed benchmarks from other studies. The model
achieved high precision performance of 0.9901 which demon-
strated the model?s ability to identify tumor regions with very
few misclassifications of non-tumor regions. The HSCS-NET Net-
work demonstrated solid overall performance in both quantitative
and qualitative assessments benchmarked against current state-of-
the-art models. While the results with the HSCS-NET Network are
encouraging, the domain adaptation problem, dataset variability,
and the integration of clinical settings into the model still need
additional effort. Future research in these areas could focus on cre-
ating hybrid models with domain adaptation and transfer learning
techniques to improve generalization across diverse medical imag-
ing databases. The incorporation of multiple image data types into
a single system requires more efficient computing systems in order
to seamlessly integrate multiple imaging data types; with this, the
clinical application of CNN-based models will become more reli-
able. The clinical value of deep learning models as diagnostic tools

Artiﬁcial Intelligence in Applied Sciences

for liver cancer will increase as these initiatives are undertaken.
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ABSTRACT

KEYWORDS

Parameter-efficient fine-tuning methods have emerged as practical solutions for adapting large language
models to specialized domains while minimizing computational overhead. This study presents a systematic
comparison of two prominent approaches, QLoRA and AdalLoRA, for fine-tuning instruction-tuned language
models on medical textbook question answering. We evaluated both methods using two backbone archi-
tectures, Llama-3-8B-Instruct and Qwen2-7B-Instruct, on a dataset comprising 6,500 question-answer pairs
derived from 13 authoritative medical textbooks spanning diverse clinical and biomedical disciplines. Our ex-
periments demonstrate that QLoRA consistently outperforms AdaLoRA under single-epoch training conditions,
achieving validation perplexity values of 1.085 and 1.086 for Llama-3 and Qwen2, respectively, compared
to AdaLoRA’s 1.125 and 1.169. These results correspond to relative validation loss reductions of 30.8% for
Llama-3 and 47.5% for Qwen2 when using QLoRA over AdaLoRA. Both methods maintained comparable train-
able parameter counts, approximately 167 million for Llama-3 and 161 million for Qwen2, representing roughly
3.5% of total model parameters. Our findings indicate that QLoRA provides more stable convergence behavior
within limited training budgets, while AdaLoRA’s adaptive rank allocation mechanism may require extended
training schedules to realize its theoretical advantages. These results offer practical guidance for deploying
parameter-efficient fine-tuning in medical natural language processing applications where computational

Parameter-
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tuning

QLoRA
AdaLoRA

Large language
models

Medical question
answering
Low-rank adapta-
tion

resources are constrained.

INTRODUCTION

Large language models have demonstrated remarkable capabilities
across diverse natural language processing tasks, establishing new
performance benchmarks in text generation, comprehension, and
reasoning (Brown ef al. 2020; Chowdhery et al. 2023). The med-
ical domain presents a particularly compelling application area,
where accurate information retrieval and question answering can
support clinical decision-making, medical education, and patient
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care (Thirunavukarasu et al. 2023; Singhal ef al. 2023). However,
the computational demands of training and deploying these mod-
els at scale present significant barriers, especially for healthcare
institutions operating under resource constraints (Karabacak and
Margetis 2023).

The standard approach of full fine-tuning, which updates all
model parameters during training, becomes prohibitively expen-
sive as model sizes grow into the billions of parameters. A model
containing 7 to 8 billion parameters requires substantial GPU mem-
ory merely for inference, and fine-tuning such models with full
precision necessitates specialized hardware configurations that
remain inaccessible to many research groups and clinical settings.
This computational barrier has motivated the development of
parameter-efficient fine-tuning techniques, which seek to adapt
pretrained models to downstream tasks while modifying only a
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small fraction of the total parameters (Lialin ef al. 2023; Han et al.
2024). Similar approaches have been successfully applied in other
domains, including financial sentiment analysis using parameter-
efficient methods (Bayat Toksoz and Isik 2025).

Low-Rank Adaptation, or LoRA, introduced by Hu et al. (2022),
represents a seminal contribution to this field. The core insight
underlying LoRA is that the weight updates during fine-tuning
can be effectively approximated by low-rank matrices, thereby
dramatically reducing the number of trainable parameters. Rather
than updating the full weight matrix W, LoRA decomposes the
update into two smaller matrices: DeltaW = BA, where B and A are
low-rank matrices with the rank r chosen to be much smaller than
either dimension. This formulation maintains the expressiveness
needed for task adaptation while reducing memory requirements
by orders of magnitude.

Building upon LoRA, Dettmers et al. (2024) proposed QLoRA,
which combines low-rank adaptation with 4-bit quantization of the
base model weights. QLoRA introduces several technical innova-
tions, including a novel 4-bit NormalFloat data type optimized for
normally distributed weights, double quantization to reduce mem-
ory overhead from quantization constants, and paged optimizers
to handle memory spikes during training. These contributions
enable fine-tuning of models with tens of billions of parameters on
single consumer-grade GPUs, democratizing access to large-scale
language model adaptation.

An alternative approach, AdaLoRA, proposed by Zhang et al.
(2023), extends the LoRA framework by introducing adaptive bud-
get allocation. Rather than assigning fixed ranks to all weight
matrices, AdaLoRA parameterizes the weight updates using sin-
gular value decomposition and dynamically adjusts the rank of
each layer based on learned importance scores. The method prunes
less important singular values during training, theoretically allo-
cating more capacity to layers that contribute most significantly to
task performance. This adaptive mechanism promises improved
parameter efficiency by concentrating trainable parameters where
they matter most.

This study addresses three primary research questions. First,
we investigate how QLoRA and AdaLoRA compare in terms of
validation loss and perplexity when fine-tuning instruction-tuned
language models on medical textbook question answering. Second,
we examine whether AdaLoRA’s dynamic rank allocation mecha-
nism provides measurable advantages over QLoRA’s fixed-rank
approach under practical training constraints. Third, we assess
the consistency of these findings across different backbone model
architectures to determine whether our conclusions generalize
beyond specific model families.

Our experimental contributions are threefold. We present the
first systematic comparison of QLoRA and AdaLoRA specifically
targeting medical textbook question answering, using a curated
dataset spanning 13 medical textbooks and covering major clinical
and biomedical disciplines. We provide detailed analyses of train-
ing dynamics, convergence behavior, and parameter efficiency for
both methods across two distinct backbone architectures. Finally,
we offer practical recommendations for practitioners seeking to
deploy parameter-efficient fine-tuning in medical natural language
processing applications.

RELATED WORKS

Large Language Models in Healthcare

The application of transformer-based language models to health-
care tasks has progressed through several developmental phases.
Early work focused on domain-specific pretraining, with BioBERT

28 | Toksoz and Isik

(Lee et al. 2020) demonstrating that continued pretraining on
biomedical literature improves performance on named entity
recognition, relation extraction, and question answering tasks
within the biomedical domain. ClinicalBERT (Huang et al. 2019)
extended this approach to clinical notes, showing that exposure to
electronic health record data during pretraining enhances model
understanding of clinical language patterns and medical terminol-
ogy.

The emergence of instruction-tuned large language models
opened new possibilities for medical applications. Singhal et al.
(2023) introduced Med-PaLM, demonstrating that appropriately
prompted large language models can approach physician-level
performance on medical licensing examination questions. Subse-
quent work explored fine-tuning strategies specifically tailored to
medical dialogue and consultation scenarios. ChatDoctor (Li et al.
2023) applied supervised fine-tuning to create a medical conver-
sational agent, while MedAlpaca (Han et al. 2023) demonstrated
effective medical adaptation using instruction-following datasets
derived from clinical guidelines and medical literature.

Parameter-Efficient Fine-Tuning Methods

Parameter-efficient fine-tuning encompasses a diverse family of
techniques designed to adapt pretrained models while updating
only a small subset of parameters. Comprehensive surveys by
Lialin et al. (2023) and Han ef al. (2024) provide taxonomies of
these approaches, broadly categorizing them into adapter-based
methods, prompt-based methods, and reparameterization-based
methods.

Adapter methods insert small trainable modules between
frozen pretrained layers. The original adapter formulation by
Houlsby et al. (2019) demonstrated that adding bottleneck layers
with as few as 3% additional parameters could achieve competitive
performance on diverse natural language understanding bench-
marks. Prompt-based methods modify the input representation
rather than the model architecture. Prefix tuning (Li and Liang
2021) prepends trainable continuous vectors to the input sequence,
while prompt tuning (Lester et al. 2021) optimizes task-specific soft
prompts.

QLoRA (Dettmers et al. 2024) combines low-rank adaptation
with aggressive quantization, introducing the 4-bit NormalFloat
format that preserves information content while reducing memory
footprint. AdaLoRA (Zhang et al. 2023) addresses a potential limi-
tation of standard LoRA, namely the assumption that all weight
matrices benefit equally from a given rank allocation. The method
parameterizes weight updates as DeltaW = PAQ, where A is a
diagonal matrix of singular values that can be pruned based on
importance scores computed during training.

METHODS

Dataset Description

Our experiments utilize the MedicalTextbook_QA dataset, which
comprises question-answer pairs extracted from 13 medical text-
books representing core disciplines in medical education and clini-
cal practice. Table 1 presents the complete list of source textbooks
along with their respective subject domains. Each textbook con-
tributes 500 question-answer pairs to the dataset, yielding a total of
6,500 instances that cover anatomy, biochemistry, cell biology, gy-
necology, histology, immunology, neurology, obstetrics, pathology,
pediatrics, pharmacology, physiology, and psychiatry.
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Table 1 Medical textbooks comprising the MedicalTextbook_QA
dataset, organized by clinical and basic science domains

Textbook Domain Samples
Gray’s Anatomy Anatomy 500
Lippincott Biochemistry Biochemistry 500
Alberts Cell Biology Cell Biology 500
Novak’s Gynecology Gynecology 500
Ross Histology Histology 500
Janeway’s Immunology Immunology 500
Adams Neurology Neurology 500
Williams Obstetrics Obstetrics 500
Robbins Pathology Pathology 500
Nelson Pediatrics Pediatrics 500
Katzung Pharmacology Pharmacology 500
Levy Physiology Physiology 500
DSM-5 Psychiatry 500
Total 6,500

The dataset was partitioned into training and validation subsets,
allocating 5,000 instances for training and 500 instances for valida-
tion. This split was performed after shuffling with a fixed random
seed to ensure reproducibility across experimental conditions.

Backbone Models

We selected two instruction-tuned language models as backbone
architectures for our comparative evaluation: Meta-Llama-3-8B-
Instruct and Qwen2-7B-Instruct. Both models represent current
state-of-the-art open-weight language models optimized for in-
struction following and dialogue applications. Table 2 summarizes
the key specifications of both models.

Table 2 Specifications of backbone models used in experimental
evaluation

Specification Llama-3-8B Qwen2-7B
Total Parameters 8.03B 7.62B
Quantized Params 4.71B 4.51B
Pretraining Tokens 15T 7T

Attention Type Grouped-Query Grouped-Query

Position Encoding RoPE RoPE

Parameter-Efficient Fine-Tuning Configurations

QLoRA Configuration QLoRA was implemented using the stan-
dard formulation where low-rank adapters are applied to frozen
quantized base model weights. The base model weights were
quantized to 4-bit precision using the NormalFloat4 data type. The
low-rank adaptation matrices were configured with rank r = 64
and scaling factor alpha = 16, yielding an effective learning rate
scaling of alpha/r = 0.25 applied to the adapter outputs. Dropout
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regularization was applied to the adapter layers with probability
0.05 to prevent overfitting.

AdaLoRA Configuration AdaL.oRA was configured to enable dy-
namic rank allocation through importance-based pruning of sin-
gular values. The initial rank was set to r_init = 64, matching the
QLoRA configuration, with a target rank of r_target = 8 represent-
ing an 87.5% reduction in rank through the pruning process. Or-
thogonal regularization with weight 0.5 was applied to encourage
orthogonality between the left and right singular vector matrices.

Training Procedure

All experiments were conducted on a single NVIDIA A100-SXM4-
80GB GPU. The training procedure employed the AdamW opti-
mizer with a learning rate of 2e-4 and weight decay of 0.01. A
cosine learning rate schedule was applied with a warmup period
comprising 3% of total training steps. Each model was trained
for a single epoch with a per-device batch size of 4 and gradient
accumulation over 4 steps, yielding an effective batch size of 16.

Evaluation Metrics

Model performance was assessed using validation loss and per-
plexity as primary evaluation metrics. Perplexity, defined as the
exponential of the validation loss, offers an interpretable mea-
sure of model uncertainty, with lower values indicating better
predictive performance. The relationship between these metrics
is expressed as: Perplexity = exp(L_val), where L_val denotes the
average validation loss.

RESULTS

Overall Performance Comparison

Table 3 presents the complete experimental results across all model
and method combinations. QLoRA consistently achieved lower
validation loss and perplexity values compared to AdaLoRA for
both backbone models. On the Llama-3-8B-Instruct backbone,
QLoRA attained a validation loss of 0.0814 and perplexity of 1.085,
compared to AdaLoRA’s validation loss of 0.1177 and perplexity
of 1.125. This represents a relative reduction of 30.8% in validation
loss when using QLoRA over AdaLoRA.

The performance gap was more pronounced on the Qwen2-7B-
Instruct backbone. QLoRA achieved a validation loss of 0.0821
and perplexity of 1.086, while AdaLoRA produced a validation
loss of 0.1563 and perplexity of 1.169. The relative improvement in
validation loss for QLoRA over AdaLoRA reached 47.5% on this
backbone.

Parameter Efficiency Analysis

Both methods achieved comparable trainable parameter counts.
For Llama-3-8B, QLoRA utilized 167.77 million trainable parame-
ters while AdaLoRA used 167.79 million parameters, representing
approximately 3.56% of the total 4.71 billion parameters in the
quantized model. For Qwen2-7B, the trainable parameter counts
were 161.48 million for QLoRA and 161.49 million for AdaLoRA,
corresponding to approximately 3.58% of the 4.51 billion total pa-
rameters. The minimal difference in trainable parameters between
methods indicates that the performance disparities observed can-
not be attributed to differences in model capacity.
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Table 3 Comprehensive experimental results comparing QLoRA and AdaLoRA across backbone models. Lower values indicate better

performance for all metrics except trainable parameters

Backbone Method Train Loss Val. Loss Perp. Param (M)
Llama-3-8B QLoRA 0.0817 0.0814 1.085 167.77
Llama-3-8B AdaLoRA 0.1234 0.1177 1.125 167.79
Qwen2-7B QLoRA 0.0822 0.0821 1.086 161.48
Qwen2-7B AdaLoRA 0.1986 0.1563 1.169 161.49
DISCUSSION achieved validation perplexity values of 1.085 and 1.086 for the

Interpretation of Results

Our experimental findings reveal a consistent performance ad-
vantage for QLoRA over AdaLoRA under single-epoch training
conditions on medical textbook question answering. Several fac-
tors may explain this pattern.

First, the single-epoch training budget may be insufficient for
AdaLoRA’s adaptive rank allocation to reach its optimal configu-
ration. AdaLoRA’s pruning schedule progressively reduces ranks
from the initial value of 64 to the target value of 8 between the
warmup period at 10% of training and the finalization point at
70% of training. Extended training over multiple epochs would
allow the model more time to stabilize after each rank reduction,
potentially enabling AdaLoRA to realize its theoretical advantages.

Second, the medical question answering task may not exhibit
the layer-wise importance heterogeneity that AdaLoRA is de-
signed to exploit. If the importance of different weight matri-
ces is relatively uniform across the model for this particular task,
adaptive rank allocation provides no advantage over fixed-rank
approaches.

Implications for Medical NLP

Our results have practical implications for deploying parameter-
efficient fine-tuning in medical natural language processing appli-
cations. The consistent performance advantage of QLoRA suggests
that this method represents a reliable choice for healthcare institu-
tions seeking to adapt large language models to medical domains
under computational constraints. The 4-bit quantization employed
by QLoRA substantially reduces memory requirements, enabling
fine-tuning on consumer-grade hardware without sacrificing per-
formance on medical question answering tasks.

Limitations

This study has several limitations. First, our evaluation relied ex-
clusively on perplexity and loss metrics. Second, the single-epoch
training schedule may not represent optimal training conditions
for either method. Third, we employed default hyperparameters
without extensive optimization. Fourth, our experiments were
limited to two backbone models. Fifth, the MedicalTextbook_QA
dataset represents a specific question answering format that may
not transfer directly to other medical NLP tasks.

CONCLUSION

This study presented a systematic comparison of QLoRA and
AdaLoRA for parameter-efficient fine-tuning of large language
models on medical textbook question answering. Our experi-
ments across two backbone architectures, Llama-3-8B-Instruct and
Qwen2-7B-Instruct, demonstrate that QLoRA consistently outper-
forms AdaLoRA under single-epoch training conditions. QLoRA
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two backbones respectively, compared to AdaLoRA’s 1.125 and
1.169, representing relative validation loss reductions of 30.8% and
47.5%.

Both methods maintained comparable trainable parameter
counts at approximately 3.5% of total model parameters, indicat-
ing that the performance differences stem from how each method
utilizes its parameter budget rather than from differences in model
capacity. Our analysis suggests that QLoRA’s fixed-rank approach
provides more stable convergence behavior within limited training
budgets, while AdaLoRA'’s adaptive rank allocation mechanism
may require extended training schedules to realize its theoretical
advantages. These findings offer practical guidance for medi-
cal NLP practitioners: QLoRA represents a reliable and effective
choice for adapting large language models to medical domains
when computational resources are constrained.
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ABSTRACT The escalating global incidence of skin cancer necessitates the development of robust, objective,
and automated diagnostic systems capable of augmenting clinical decision-making. This study presents a
rigorous comparative analysis of four landmark Convolutional Neural Network (CNN) architectures, ResNet-101,
MobileNet-v3-Large, EfficientNet-B5, and Inception-v4, evaluated against the expansive and heterogeneous
ISIC 2019 dataset. Comprising 25,331 high-resolution images across eight diagnostic categories, the dataset
presents significant morphological challenges due to inherent visual ambiguity and class imbalance. Our
findings reveal that EfficientNet-B5 achieves the highest predictive robustness with a peak accuracy of 0.8968
and an F1-score of 0.8458, leveraging its sophisticated compound scaling approach to capture subtle malignant
markers. Concurrently, MobileNet-v3-Large demonstrated exceptional efficiency, yielding a nearly identical
accuracy of 0.8965 with a minimal computational load of 0.4307 GFLOPs, making it a prime candidate for edge-
computing applications. Despite its higher theoretical complexity, ResNet-101 provided the fastest real-world
inference latency at 0.5032 ms, indicating superior hardware optimization. While these results underscore
the transformative potential of deep learning in dermatology, misclassification patterns between melanoma
and melanocytic nevi highlight persistent challenges in navigating fine-grained morphological boundaries.
Ultimately, this research provides a holistic framework for selecting optimal architectural backbones based on
specific clinical deployment constraints, bridging the gap between theoretical model performance and practical
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INTRODUCTION

Skin cancer represents a formidable global health crisis, with
its prevalence reaching unprecedented levels over the last few
decades (Gloster and Neal 2006; Armstrong and Kricker 1995;
Leiter ef al. 2020). Among the diverse spectrum of cutaneous ma-
lignancies, malignant melanoma is particularly notorious for its ag-
gressive metastatic potential; however, it remains highly treatable
when intercepted in its incipient stages. Despite the availability of
advanced dermatoscopic techniques, the clinical diagnosis of skin
lesions is fraught with challenges. The morphological overlap be-
tween benign and malignant pathologies, coupled with the subtle
variations in pigment patterns and border irregularities, introduces
a significant degree of intra-observer subjectivity. Consequently,
there is an imperative clinical need for robust, objective, and au-
tomated diagnostic systems capable of augmenting a clinician’s
decision-making process (Madan et al. 2010).
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The paradigm shift in medical image analysis has been primar-
ily driven by the maturation of Deep Learning (DL), specifically
through the evolution of Convolutional Neural Networks (CNNs)
(Aruk et al. 2026; Cakmak and Pacal 2025a; Pacal and Cakmak
2025). These computational frameworks have demonstrated an
extraordinary capacity to autonomously distill high-level hierar-
chical features from complex dermatological datasets, often identi-
fying diagnostic biomarkers that elude manual visual inspection
(Attallah 2024; Cakmak and Pacal 2025b; Cakmak 2025; Cakmak
and Maman 2025). The transition from traditional hand-crafted
feature engineering to end-to-end deep learning architecture has
allowed for more nuanced classification across multi-class patholo-
gies. Central to this progress is the availability of large-scale, an-
notated repositories such as the ISIC 2019 dataset, which provides
a more diverse and challenging benchmark than its predecessors
by incorporating a broader range of lesion categories and imaging
conditions.

However, selecting an optimal architectural backbone for clin-
ical deployment is not merely a question of peak accuracy; it re-
quires a multifaceted evaluation of the trade-offs between pre-
dictive power and computational overhead. In modern medical
environments, where real-time inference and integration into mo-
bile or edge-computing platforms are increasingly vital, architec-
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tural efficiency is as quintessential as diagnostic sensitivity. While
heavyweight models offer high-capacity feature extraction, lighter
architecture provides the agility required for point-of-care appli-
cations. Systematic benchmarking across varying architectural
paradigms is therefore essential to bridge the gap between theoret-
ical model performance and practical clinical utility.

In this research, we conduct a rigorous comparative analysis
of four landmark CNN architectures: ResNet-101, MobileNet-v3-
Large, EfficientNet-B5, and Inception-v4. By leveraging the ISIC
2019 dataset, our study investigates how distinct design philoso-
phies, ranging from the residual learning of ResNet to the sophis-
ticated compound scaling of EfficientNet, address the inherent
complexities of multi-class skin lesion classification. Beyond tra-
ditional accuracy metrics, we scrutinize these models through
the lens of computational complexity (GFLOPs) and parameter
efficiency. This multifaceted evaluation ensures that the selected
models are not only statistically robust but also optimized for the
practical constraints of clinical environments, offering a balanced
framework for high-stakes medical decision-making.

RELATED WORKS

The pursuit of high-precision diagnostic tools has led researchers to
explore diverse architectural optimizations and learning strategies.
In this context, Musthafa et al. (2024) demonstrated the efficacy of
ensemble learning and model checkpoints, utilizing architectures
like InceptionV3 and ResNet50 to achieve more stable and robust
classification across various lesion types. Their work highlights the
importance of strategic model saving and optimization to capture
the most representative features during the training process. Build-
ing on the theme of architectural exploration, Rafeeque and Abini
(2024) conducted a performance comparison between landmark
models such as VGG16 and DenseNet, emphasizing how the depth
and connectivity of these networks directly influence their ability
to discern subtle malignant patterns in multi-class environments.
As models become more complex, the need for transparency in
clinical decision-making has become paramount. Addressing this,
Shah et al. (2024) introduced an explainable AI (XAI) framework
that integrates Convolutional Neural Networks (CNNs) with Parti-
cle Swarm Optimization (PSO). By leveraging XAl they provided a
means to visualize the diagnostic markers driving the model’s pre-
dictions, thereby bridging the gap between "black-box" algorithms
and clinical interpretability. Similarly, Kumar et al. (2024) proposed
SCCNet, a dedicated architecture for multi-class classification that
provides estimated disease probabilities. Their approach moves be-
yond simple labels, offering a probabilistic output that aligns more
closely with the nuanced nature of dermatological assessment.
The challenge of data variability and feature refinement has
also been a focal point of recent research. . Surya ef al. (2025) in-
vestigated the impact of rigorous image preprocessing and data
augmentation on models like AlexNet and VGG, demonstrating
that enhancing the quality of the input data is as critical as the
choice of the network itself for melanoma detection. In a more
specialized approach, Ali et al. (2024) presented a novel Fully Con-
volutional Encoder-Decoder Network (FCEDN) combined with
SpaSA-based hyper-parameter optimization. Their work illus-
trates how adaptive CNN classification can be refined through
automated optimization to handle the morphological diversity
inherent in skin lesions. Finally, Sabir and Mehmood (2024) ex-
plored the boundaries of transfer learning, investigating how pre-
trained networks can be effectively fine-tuned for dermatological
tasks. Their findings underscore that while deeper architectures
offer significant representational power, the strategic application
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of knowledge from broader domains is essential for achieving high
generalization in specialized medical datasets. Collectively, these
studies establish a foundation for balancing predictive accuracy,
computational feasibility, and clinical transparency.

MATERIALS AND METHODS

Dataset and Data Preprocessing

The foundational pillar of this investigation is the ISIC 2019 dataset
(r19 2019), which serves as an expansive and heterogeneous repos-
itory of 25,331 high-resolution dermatoscopic images. This corpus
is uniquely characterized by its profound morphological diversity,
spanning eight distinct diagnostic categories: Actinic Keratosis
(AK), Basal Cell Carcinoma (BCC), Benign Keratosis (BKL), Der-
matofibroma (DF), Melanoma (MEL), Melanocytic Nevus (NV),
Squamous Cell Carcinoma (SCC), and Vascular lesions (VASC). As
visualized in Figure 1, these pathologies exhibit significant visual
ambiguity and intra-class variations, presenting a formidable chal-
lenge for automated diagnostic systems to distinguish between
benign and malignant lesions with high precision.

Figure 1 Representative dermatoscopic images from the ISIC 2019
dataset illustrating the morphological diversity and visual ambiguity
across eight diagnostic categories

To ensure the statistical integrity of our comparative analysis
and to promote robust model generalization, we implemented a
rigorous stratified partitioning of the available data. The dataset
was systematically divided into training (70%), validation (15%),
and testing (15%) subsets, ensuring that the underlying distribu-
tion of lesion types remained consistent across all experimental
phases. The precise numerical distribution of these samples across
the eight diagnostic classes, culminating in a grand total of 25,331
images, is comprehensively documented in Table 1.
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Table 1 Statistical distribution of the ISIC 2019 dataset across
training, validation, and testing subsets for each of the eight skin
lesion classes

Class Name Total Train Val Test
BKL 2624 1836 393 395
DF 239 167 35 37
VASC 253 177 37 39
AK 867 606 130 131
MEL 4522 3165 678 679
BCC 3323 2326 498 499
NV 12875 9012 1931 1932
SCC 628 439 94 95
_?AIT_AND TO- 25331 17728 3796 3807

Architectural Design Philosophies

To evaluate the trade-offs between predictive capacity and com-
putational demand, our methodology benchmarks four landmark
Convolutional Neural Network (CNN) architectures, each repre-
senting a distinct evolution in deep learning research: ResNet-
101 (He et al. 2015), MobileNet-v3-Large (Howard et al. 2019),
EfficientNet-B5 (Tan and Le 2019), and Inception-v4 (Szegedy et al.
2017). ResNet-101 leverages deep residual learning to facilitate the
optimization of high-capacity networks by addressing the vanish-
ing gradient problem. In contrast, MobileNet-v3-Large is specifi-
cally engineered for resource-constrained environments, utilizing
depthwise separable convolutions to achieve high-speed inference
with minimal parameter overhead. EfficientNet-B5 introduces a
sophisticated compound scaling approach that simultaneously
optimizes network depth, width, and resolution to maximize diag-
nostic sensitivity. Finally, Inception-v4 utilizes multi-scale convo-
lutional modules to capture complex spatial hierarchies. Together,
these models provide a comprehensive spectrum of design philoso-
phies, ranging from the parameter-heavy residual blocks of ResNet
to the agile, mobile-centric architecture of MobileNet.

Data Augmentation Strategy

A critical challenge inherent in dermatological imaging is the
pronounced class imbalance, particularly the dominance of
Melanocytic Nevus (NV) samples. To mitigate this and enhance
the generalization capabilities of the models, we implemented an
extensive data augmentation strategy. This pipeline included geo-
metric transformations, such as random rotations, spatial scaling,
and horizontal/vertical flipping, designed to simulate the varied
orientations and perspectives encountered in clinical dermoscopy.
These techniques ensure that the networks learn to distill invariant
diagnostic features rather than memorizing dataset-specific noise,
thereby bridging the gap between theoretical performance and
practical clinical utility (Wang et al. 2024).

Performance Evaluation Metrics

To rigorously assess the diagnostic efficacy of the benchmarked ar-
chitectures, we utilize a multifaceted suite of performance metrics
that account for both statistical robustness and clinical applicability.
The primary metric, Accuracy, provides an overall measure of the
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model’s ability to correctly classify lesions across all eight diagnos-
tic categories as defined in (1). However, given the high-stakes
nature of dermatological screening, we extend our evaluation to
include Precision and Recall to specifically measure the fidelity of
malignancy detection and the model’s sensitivity to true positive
cases, as formulated in (2) and (3) respectively. To reconcile the
potential trade-offs between these two metrics, especially in the
context of the inherent class imbalance found within the ISIC 2019
dataset, the F1-Score is employed as a harmonic mean (4), ensuring
a balanced representation of diagnostic performance across minor-
ity and majority classes. Beyond these conventional accuracy-
based metrics, our analysis incorporates critical computational
parameters such as model complexity (Params), floating-point
operations (GFLOPs), and real-world inference latency (ms) to de-
termine the practical feasibility of deploying these models within
resource-constrained or real-time medical environments.

TP+TN

Aceuracy = 4o TN T FP+ EN )
.. TP
Precision = TP+ EP @
TP
Recall = ———
eca TP+ EN 3)

2 - Precision - Recall
F1- = 4
score Precision + Recall )

RESULTS

Quantitative Performance and Comparative Analysis

The empirical evaluation of the four benchmarked CNN architec-
tures reveals a compelling spectrum of performance, highlighting
the trade-offs between depth-wise feature extraction and computa-
tional agility. As detailed in Table 2.

EfficientNet-B5 emerged as the superior model in terms of pre-
dictive robustness, achieving a peak Accuracy of 0.8968 and a
leading F1-Score of 0.8458. These results underscore the efficacy
of the compound scaling method in distilling high-level diagnos-
tic markers from the heterogeneous ISIC 2019 dataset. Interest-
ingly, MobileNet-v3-Large demonstrated nearly identical accuracy
(0.8965) and a highly competitive F1-Score (0.8383), despite main-
taining a significantly smaller parameter footprint of only 4.21M
compared to the 28.36M of EfficientNet-B5.

The comparative analysis further illustrates the impact of archi-
tectural design on computational overhead. While ResNet-101 and
Inception-v4 provided respectable performance with accuracies of
0.8521 and 0.8697 respectively, they exhibited considerably higher
computational costs, with ResNet-101 reaching 15.7288 GFLOPs.
From a clinical deployment perspective, MobileNet-v3-Large pre-
sented a highly favorable profile, achieving the lowest GFLOP
count (0.4307) while maintaining high diagnostic sensitivity. How-
ever, it is noteworthy that ResNet-101 offered the fastest real-world
inference time at 0.5032 ms, suggesting that its residual structure
remains highly optimized for parallel processing on modern GPU
hardware.

Analysis of Model Predictions and Error Patterns

To gain deeper insight into the classification behavior of our most
accurate model, we scrutinized the EfficientNet-B5 predictions
through the confusion matrix presented in Figure 2. The model
exhibited exceptional proficiency in identifying NV, correctly clas-
sifying 1,866 out of 1,932 test samples, which is vital given the
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Table 2 Comparative performance analysis of ResNet-101, MobileNet-v3-Large, EfficientNet-B5, and Inception-v4 based on diagnostic

metrics and computational complexity

Models Accuracy Precision Recall F1 Score Params (M) GFLOPs Inference  Time
(ms)

ResNet-101 0.8521 0.8042 0.7490 0.7729 42.52 15.7288 0.5032

MobileNet-v3- 0.8965 0.8774 0.8093 0.8383 4.21 0.4307 1.9880

Large

EfficientNet-B5 0.8968 0.8805 0.8166 0.8458 28.36 4.6551 3.4748

Inception-v4 0.8697 0.8333 0.7799 0.8046 41.16 12.2450 0.5516

prevalence of this category in clinical practice. Similarly, BCC and
MEL showed high true positive rates, with 465 and 545 correct
identifications respectively.
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Figure 2 Confusion matrix of the EfficientNet-B5 model on the ISIC
2019 test set, highlighting classification performance and common
morphological overlaps

Despite these strengths, the matrix reveals critical areas of mor-
phological overlap that contribute to misclassification. A notable
percentage of MEL cases were incorrectly labeled as NV, a com-
mon diagnostic pitfall in dermatology due to the subtle pigmen-
tary transitions between benign and malignant melanocytic le-
sions. Furthermore, AK and SCC exhibited mutual confusion,
likely stemming from their shared epithelial origin and similar
scaling textures observed in dermatoscopic imagery.

A qualitative assessment of the classification outcomes, as illus-
trated in Figure 3, provides a visual context for both the successes
and the limitations of the automated pipeline. The "True Pre-
dictions" panels demonstrate the model’s ability to successfully
capture the hallmark features of various pathologies, such as the
distinct vascular structures in VASC and the characteristic pigment
networks in MEL. Conversely, the "Misclassified Predictions" high-
light the profound visual ambiguity inherent in skin lesion analysis.
In several instances, lesions with atypical presentations, such as
Melanoma mimicking the symmetry of a Benign Keratosis, led to
false negative results. These visual findings emphasize that while
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CNN s possess remarkable feature-extraction capabilities, the clini-
cal reliability of such systems is highly dependent on the model’s
ability to navigate the fine-grained morphological boundaries that
often blur the distinction between benignity and malignancy.

Trus F'redtctlons True Predictions Mlsclassn" ed Predlcllons

Mlsclassnﬁed Predx:tnns

o@};l‘ 0.@
J0] el [
¢ o' z 0'.@

Figure 3 Qualitative assessment of classification results showcasing
successful true predictions and representative misclassified samples
with associated confidence levels

DISCUSSION

Interpretation of Key Findings

Our comparative analysis underscores a pivotal trade-off between
predictive robustness and computational efficiency. EfficientNet-
B5 emerged as the most accurate architecture, achieving a peak
Accuracy of 0.8968 and a leading F1-Score of 0.8458. This superior-
ity is largely attributed to its compound scaling philosophy, which
systematically optimizes network depth, width, and resolution to
capture the subtle morphological hallmarks of malignancy. How-
ever, the performance of MobileNet-v3-Large is arguably more
noteworthy from a practical standpoint; it achieved a nearly iden-
tical Accuracy of 0.8965 while utilizing only 4.21M parameters and
the lowest recorded computational load of 0.4307 GFLOPs.

An intriguing observation from our results is the discrepancy
between theoretical complexity (GFLOPs) and real-world Inference
Time. While ResNet-101 exhibited significantly higher GFLOPs
than the mobile-centric models, it yielded the fastest inference la-
tency at 0.5032 ms. This suggests that the classic residual structure
remains exceptionally well-optimized for the parallel processing
capabilities of modern GPU hardware. These findings imply that
the "best” model is highly dependent on the target deployment
environment, whether it be a high-throughput clinical workstation
or a resource-constrained edge device.
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Clinical Implications and Diagnostic Challenges

The error patterns identified through our confusion matrix analy-
sis in Figure 2 reflect the same diagnostic pitfalls encountered by
board-certified dermatologists. The frequent misclassification of
MEL as NV highlights the critical challenge posed by subtle pig-
mentary transitions and "look-alike" lesions. Similarly, the mutual
confusion between AK and SCC suggests that the shared epithelial
origins of these pathologies lead to overlapping visual textures
that remain difficult for even sophisticated CNNs to resolve.

Qualitative assessments further reveal that while models suc-
cessfully identify hallmark features like vascular structures, they
remain susceptible to atypical presentations. As seen in Figure
3, instances of malignancy mimicking benign symmetry can lead
to dangerous false negatives. These results emphasize that while
automated tools provide powerful decision support, their clinical
reliability is fundamentally limited by the fine-grained morpholog-
ical boundaries of skin cancer.

Limitations and Future Directions

Despite the high performance achieved, this study faces limita-
tions inherent in the ISIC 2019 dataset, primarily the significant
class imbalance where NV accounts for over half of the samples.
While our data augmentation strategies mitigated this effect, future
work should explore more advanced synthetic data generation or
cost-sensitive learning to further improve minority class detection.
Additionally, moving beyond purely visual data to incorporate
patient metadata, such as age, anatomical site, and clinical history,
could provide the contextual cues necessary to resolve the visual
ambiguities identified in this research.

CONCLUSION

This research has established a comprehensive benchmarking
framework for multi-class skin lesion classification by evaluat-
ing the intricate trade-offs between architectural design philoso-
phies and diagnostic efficacy. Our investigation underscores that
while EfficientNet-B5 provides the most robust predictive power,
the agile architecture of MobileNet-v3-Large offers a remarkably
viable alternative for resource-constrained point-of-care applica-
tions, maintaining high sensitivity with a significantly reduced
parameter footprint. Furthermore, the observation that ResNet-
101 delivers the fastest inference latency despite higher GFLOPs
highlights that real-world clinical utility is as much a product of
hardware-specific optimization as it is of algorithmic complex-
ity. Although the deep learning models evaluated here effectively
navigate profound visual ambiguities, the persistent confusion
between malignant melanoma and benign nevi remains a signifi-
cant diagnostic hurdle that mirrors clinician-level difficulties. To
transcend these limitations, future research must move beyond
purely visual data to integrate patient metadata and explore ad-
vanced learning strategies to address the inherent class imbalances
found in large-scale dermatological repositories. In summary, this
study provides the quantitative evidence and qualitative insights
necessary to guide the selection of deep learning backbones for the
next generation of automated dermatological screening tools.
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ABSTRACT Upper Respiratory Tract Infections (URTIs) are a global health issue, affecting myriad individuals and encompassing
infections of the nose, sinuses, pharynx, or larynx. The diverse symptoms and varying severity of URTIs, coupled with their potential
to be influenced by meteorological factors, underscore the importance of understanding the interplay between weather conditions and
URTI incidence. This research, conducted in the Pamukova District from December 15, 2020, to December 31, 2022, delves into this
relationship by integrating weather data from Meteoblue and patient data from the Pamukova Family Medicine Center. The comprehensive
data cleaning, harmonization, and preprocessing considered the 3 or 5 preceding days in alignment with the URTI incubation period.
Utilizing the Catboost machine learning model on two separate datasets, the study revealed enhanced performance with a 5-day data
frame. The model yielded 67 true positives, 24 true negatives, 8 false positives, and 22 false negatives, resulting in an F1-score of 0.6154,
an accuracy of 75.21%, precision and recall values of 0.75 and 0.5217, respectively, and an AUC value of approximately 0.7768. These
results emphasize the critical role of an extended temporal frame in understanding the connection between environmental factors and

KEYWORDS
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URTI incidence, offering substantial insights for the development of targeted public health interventions in the Pamukova District.

INTRODUCTION

When the upper respiratory tract is thought of, the anatomical
formations located in the head and neck and above the thorax,
especially the nose, paranasal sinuses, nasopharynx, oropharynx
and larynx, are thought of (Tu ef al. 2013). Viral infections of the
upper respiratory tract, also known as the common cold (acute
chorea, cold, common cold), are the most common respiratory
diseases in humans. They are occurred on average 2-4 times a year
in adults and every year in children. URTIs, which can be seen
6-10 times a year on average, are usually self-limiting and rarely
lead to complications (Derbyshire and Calder 2021).

URTIs may be brought on by a variety of diseases, including
bacterial, viral, and fungal infections (Kolawole and Idris 2020).
The rhinovirus and coronavirus are two of the viruses that are most
commonly discovered in connection with URTIs. They may be
spread by direct contact with respiratory droplets from ill persons
or by touching contaminated surfaces and then coming in contact
with the face. The frequency of URTIs might also be impacted by
the weather and other environmental variables (Stolz ef al. 2019).
URTIs are placing a heavy strain on both the healthcare system

Manuscript received: 5 November 2025,
Revised: 26 December 2025,
Accepted: 18 January 2026.

turkerberkdonmez@yahoo.com
2mkutlu@subu.edu.tr
3 cf@ecs.soton.ac.uk (Corresponding author).

Artiﬁcial Intelligence in Applied Sciences

and the general public. These infections can raise the chance of ac-
quiring later-life illnesses like wheeze, asthma, as well as recurring
doctor visits, parental stress, and other health issues (Chen et al.
2021).

In Turkey, URTI is the most common condition among children
and adults, according to the Turkey Health Survey 2022. The
results of the survey show that in the previous six months, URTI
accounted for 31.3% of illnesses seen in children aged 0-6 years and
27.1% of illnesses seen in children aged 7-14 years. Furthermore,
with a prevalence of 9.6% in the previous 12 months, URTI ranks
fourth among the illnesses experienced by people over the age of
15 years. According to this findings, URTI is a significant public
health issue in Turkey, and preventive and therapeutic efforts are
required to lessen the burden it places on the populace .

Many academics have been interested in the connection be-
tween weather and URTIs which are common conditions that can
be brought on by a variety of bacterial or viral agents and affect
the nose, sinuses, throat, larynx, or trachea (Zeru et al. 2020). The
productivity, quality of life, and cost of healthcare of those who
are affected by URTISs can all be significantly impacted. In order
to create effective preventative and treatment plans, it is crucial
to understand the factors that affect the frequency and severity
of URTIs. As they can modify the host’s immune response, the
pathogen’s survival and transmission, and the exposure to other
respiratory irritants and allergens, weather conditions are one of
the environmental factors that may alter the risk and outcome of
URTIs (D’ Amato et al. 2018). The epidemiology and pathophysiol-
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ogy of URTIs can be affected by a variety of meteorological factors,
including temperature, humidity, precipitation, wind speed, and
air quality (Zou et al. 2021).

The Eccles and Wilkinson (2015) research found a link between
exposure to cold air and a greater frequency of URTI. Cold air
may influence the nasal mucosa, the body’s first line of defense
against viral viruses, which might explain this. Cold air may slow
down and make less efficient mucociliary clearance, the process
of removing mucus and trapped particles from the respiratory
system. Cold air may also impair the capacity of immune cells
in the nasal cavity, such as macrophages, to ingest and destroy
viruses. The link between cold and URTI has also been shown
to be stronger in northern than in southern areas in UK research,
indicating that the influence of cold air on URTI may vary by
geographic location. However, rather than happening immediately
after the temperature shift, the effect of cold air on URTI occurs
two to three weeks later. The cold air also has less of an impact on
URTI than it does on lower respiratory infections like pneumonia
or bronchitis. In conclusion, exposure to cold air may impair the
mucosal immune system, raising the danger of upper respiratory
tract viral infections .

In order to learn more about the connections between various
meteorological factors and URTIs and lower respiratory tract infec-
tions (LRTIs), Falagas et al. retrospectively analyzed meteorologi-
cal and clinical data from the Attica region of Greece. The incidence
of URTIs was observed to positively correlate with cold weather
conditions, peaking when the weekly average temperature fell
below 10 degrees Celsius, according to the researchers. In addition,
they discovered that LRTIs were more commonly associated with
chilly temperatures than URTIs were. The association between
cold weather and URTISs, according to researchers, is caused by a
number of factors, including direct effects of cold on the viability
and infectivity of the viruses that cause URTISs, indirect effects of
cold on immune and respiratory system function, and direct effects
of cold on people’s behavior (Falagas et al. 2008).

A comprehensive analysis of the impact of meteorological and
air pollution factors on respiratory diseases in Linyi, China, was
conducted. According to the study, a 0.31 increase in the concentra-
tion of NO2 is associated with a rise in pneumonia cases. Similarly,
increased levels of PM2.5 and PM;y—specifically, by 0.23 and 0.24,
respectively—were linked to higher pneumonia incidence. Low
temperature and humidity levels, particularly a decrease in daily
average temperature and humidity, were associated with a reduc-
tion in chronic lower respiratory diseases and pneumonia cases.
Conversely, these same factors increased the incidence of acute up-
per respiratory infections by 0.04 and 0.05. High wind speeds also
correlated positively with respiratory diseases. The SVR model
used in the study showed a significant prediction potential, with
an R? value of 0.308 for pneumonia, highlighting the intricate re-
lationship between environmental factors and respiratory health
(Yang et al. 2023).

Lim et al. (2023) conducted a comprehensive study on forecast-
ing URTIs using high-dimensional time series data and forecast
combinations. Their research indicated that a 1-week lag in lower
temperature is associated with a significant increase in URTT atten-
dances. Similarly, past relative humidity and absolute humidity
levels showed notable effects on URTI forecasts. For example, a
1% increase in relative humidity decreased URTI attendances by
approximately 3-4%, while an increase in absolute humidity at
longer forecast windows (4-8 weeks ahead) was associated with
a decrease in URTI attendances. The study also highlighted the
superior predictive performance of forecast combinations, with
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mean absolute percentage errors ranging from 10% to 25% across
different horizons. These findings emphasize the intricate rela-
tionship between climatic factors and URTI incidence, providing
valuable insights for public health resource planning and outbreak
preparedness .

Jhuo et al. (2019) conducted a comprehensive study on predict-
ing trends in influenza and associated pneumonia in Taiwan using
machine learning. Their research utilized meteorological parame-
ters, such as temperature and relative humidity, and air pollution
parameters, including PM 2.5 and CO, alongside the number of
acute upper respiratory infection (AURI) outpatients as inputs.
They used data from December 2009 to December 2017 and made
predictions for January 2010 to January 2018. Patients were catego-
rized into low, moderate, and high volume levels. The multilayer
perceptron (MLP) model developed in their study achieved an
accuracy of 81.16% for the elderly population and 77.54% for the
overall population. The study found that larger data sets from
bigger areas improved accuracy, whereas lower accuracy was ob-
served for children aged 0-4 years due to fewer samples and less
exposure to environmental factors. These findings underscore
the intricate relationship between environmental factors and the
incidence of influenza and pneumonia .

A thorough investigation of the effects of climatic factors on UR-
TIs was undertaken by Makinen et al. According to their research,
a 1°C drop in temperature is associated with a 4-5% rise in URTT in-
cidence. Similar to this, low humidity levels—more precisely, those
below 40%—were linked to an increase in instances. High wind
speeds were similarly linked to an increased risk of URTIs despite
having received less research. Additionally, it was proposed that a
minor increase in infections may be associated with situations of
declining barometric pressure. These observations highlight the
complex interaction between weather and the frequency of URTIs
(Mékinen et al. 2009).

Kern et al. (2016) explored the relationship between weather
data and the incidence of ophthalmological conditions using
model-agnostic methods. Through Spearman’s correlation analy-
sis, they examined clinical data from the University Eye Hospital
Munich from January 2014 to July 2015. They linked patient vis-
its to weather variables like sunshine duration, temperature, and
wind speed, finding a weekly increase of one sunshine hour corre-
lated with an additional patient visit per week (o = 0.44, P < 0.01).
Temperature increase of 1°C correlated with 2.6 more patients per
week (0 = 0.29, P < 0.01). Specifically, higher temperatures and
longer durations of sunshine were positively correlated with in-
creased visits for conditions like conjunctivitis and foreign body
injuries. The model-agnostic approach allowed them to uncover
significant correlations without being constrained by underlying
data structure assumptions .

Santhanam et al. (2024) extended the application of model-
agnostic methods by incorporating machine learning models to
predict daily acute ischemic stroke (AIS) admissions based on
weather data. Employing techniques such as Support Vector Ma-
chines (SVR), Random Forests (RF), and Extreme Gradient Boost-
ing (XGB), they effectively managed the complex, nonlinear re-
lationships between environmental factors and health outcomes.
Their study identified maximum air pressure as a critical predic-
tive variable, with extreme temperature conditions and stormy
conditions also playing significant roles. The XGB model’s ro-
bust predictive capability was evidenced by a low mean absolute
error (MAE) of 1.21 cases/day on the test set, supporting better
healthcare resource allocation and preparedness .

Mansour et al. (2023) employed the Lorenz equation and numer-
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ical techniques like the Runge-Kutta method to develop a novel
chaotic system for forecasting respiratory disease outbreaks, using
a model-agnostic approach to integrate weather variables such as
maximum temperature, air pressure, and humidity with patient
data from the Pamukova Region. By utilizing a NARX network for
input-output data processing, they established a high correlation
coefficient of 90.16% between predicted and actual patient num-
bers. Their findings suggest a robust framework for employing
chaotic systems in real-time health warning systems, potentially
enhancing preemptive responses to environmental health risks.
This model-agnostic methodology underlines the adaptability of
chaotic systems in predicting complex health-related events .

In this study, the necessity is underscored by the global health
impact of URTIs and the limited understanding of how weather
conditions influence their incidence. By focusing on the Pamukova
District, this research provides localized insights using model-
agnostic SHAP (SHapley Additive exPlanations) values to reveal
how specific weather conditions affect URTI patients. Integrating
weather data with patient records and utilizing advanced machine
learning models, the study highlights the importance of consider-
ing an extended temporal frame for accurate predictions. These
findings are crucial for developing effective public health interven-
tions and offer significant insights that can be applied to similar
contexts globally, demonstrating how studies in smaller provinces
can contribute to the bigger picture of improving public health
outcomes.There is still a need for a more thorough understand-
ing that takes into account regional variations, seasonal patterns,
and potential interactions with other health determinants. The
existing literature has given valuable insights into how specific
meteorological factors affect the prevalence of URTIs (Mansour
et al. 2023). In order to fully understand the epidemiology of UR-
TIs, which continue to place a heavy strain on healthcare systems
and communities, a comprehensive approach is required. This
study contributes to the creation of more effective public health
treatments and policies meant to lessen the effects of URTIs by
investigating these aspects holistically.

MATERIALS AND METHODS

Data Collection and Preprocessing

Data on URTIs from the Pamukova District were combined with
corresponding meteorological data. The datasets were then
cleaned, harmonized, and assessed for outliers before being ana-
lyzed.

Weather Data Meteoblue was used to gather weather informa-
tion, which included metrics for maximum, minimum, and mean
temperatures, sunlight duration, shortwave radiation levels, pre-
cipitation, snowfall, humidity levels, cloud cover, air pressure, and
wind speeds. The dataset is exclusive to the Pamukova area and
runs from December 15, 2020, through December 31, 2022.

Patient Data Patients’ information was gathered for this study with
Sakarya University’s ethical permission (E-71522473-050.01.04-
15185-157). The research, which covers the period from January
1, 2021, to December 31, 2022, is concentrated on the Pamukova
District in Sakarya Province. The information was given by the Pa-
mukova Family Medicine Center, which is closed on weekends and
major holidays. The clinic treated 52,792 patients in total during
the course of 484 workdays, 4,454 of whom had upper respiratory
tract infections (ICD codes J09-J18). As a result, during the course
of the trial, URTIs accounted for around 9.2% of all patient visits.
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Preprocessing Data and Model Training The weather data under-
went various preprocessing. The averages, standard deviations,
and value gaps of the data from the previous 3 or 5 days, includ-
ing the current day, were calculated. This approach was chosen
because the average incubation period for any URTI agent varies
between approximately 1-5 days. The average number of patients
was calculated as approximately 9.2 patients per day. The num-
ber of patients distributed over the days was classified binarily
as above average and below average and was determined as the
main target.

The study utilized a range of meteorological attributes to pre-
dict Upper Respiratory Tract Infections (URTIs). These attributes
include the mean temperature (meantemp), mean humidity (mean-
humidity), mean pressure (meanpressure), mean wind speed (mean-
wind), and mean sunshine duration (sunshine) measured over the
last 3 or 5 days. Additionally, shortwave radiation (radiation), total
precipitation (precipitation), and snowfall amount (snowfall) were
considered. Cloud cover (cloudcover) was also included, along with
calculated variables such as the standard deviation of min-max val-
ues (minmaxSDtemp, minmaxSDhumidity, minmaxSDpressure, min-
maxSDwind), the standard deviation of average values (meanS-
Dtemp, meanSDhumidity, meanSDpressure, meanSDwind), and the
value range of the highest and lowest values (VRtemp, VRhumidity,
VRpressure, VRwind) over the specified period. The minmaxSD
values were calculated by measuring the standard deviation of
the minimum and maximum values on a daily basis within the
specified period.

Twenty-one different variables were created for these two sepa-
rate datasets and are shown in detail in Table 1. These two datasets
were evaluated with various machine learning models as shown in
Table 2, and among them, the Catboost model showed the highest
success.

75% of the data for each of the two sets is used for training and
25% is utilized for testing, resulting in a 75/25 split of the data.
Additionally, the "Discussions" section includes findings that shed
light on the model’s stability.

CatBoost has been chosen as the main model for more inves-
tigation. CatBoost stands out for its practical efficiency and sim-
plicity of use, qualities that are especially well-aligned with the
study goals, even if other models show equivalent performance.
CatBoost is thought to be the best solution for the challenges asso-
ciated with illness forecasting using meteorological data because it
combines great computing speed with powerful predictive skills.

Categorical Boosting (CatBoost) CatBoost, which stands for Cate-
gory Boosting, is a gradient boosting library developed by Yandex.
It has gained popularity in the machine learning community for
its performance and its built-in support for categorical features,
thus eliminating the need for extensive preprocessing like one-hot
encoding or label encoding.

The mathematical foundation of CatBoost is rooted in the gradi-
ent boosting framework. The primary objective of gradient boost-
ing is to optimize a cumulative objective function, which is a sum
of a loss function and a regularization term (Prokhorenkova et al.
2018). CatBoost introduces several enhancements to the traditional
gradient boosting technique:

N

K
L(y,F) =) 1y F(x:)) + kZ O(fr) )
=1

i=1

Where y is the vector of true labels, F is the ensemble model, I
is a differentiable convex loss function, fi are the individual trees,
and Q) is a regularization term.
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Table 1 Attribution of the dataset for 3 or 5-day metrics

No. Abbreviation Name of the attribute Units

1 meantemp Last 3 or 5-day mean temperature °C

2 meanhumidity Last 3 or 5-day mean humidity %

3 meanpressure Last 3 or 5-day mean pressure hPa

4 meanwind Last 3 or 5-day mean wind speed km/h

5 sunshine Last 3 or 5-day mean sunshine dura- min
tion

6 radiation Last 3 or 5-day mean shortwave radi- W/m?
ation

7 precipitation Last 3 or 5-day mean total precipita- mm
tion

8 snowfall Last 3 or 5-day mean snowfallamount  cm

9 cloudcover Last 3 or 5-day mean total cloud cover %

10 minmaxSDtemp Standard deviation of min-max tem-  Calculated
perature values in the last 3 or 5 days

11 meanSDtemp Standard deviation of the average Calculated
temperature over the last 3 or 5 days

12 VRtemp Range of the highest and lowest tem-  Calculated
perature values in the last 3 or 5 days

13 minmaxSDhumidity Standard deviation of min-max humid- ~ Calculated
ity values in the last 3 or 5 days

14 meanSDhumidity Standard deviation of the average hu-  Calculated
midity over the last 3 or 5 days

15 VRhumidity Value range of the highest and lowest ~ Calculated
humidity values in the last 3 or 5 days

16 minmaxSDpressure Standard deviation of min-max pres-  Calculated
sure values in the last 3 or 5 days

17 meanSDpressure Standard deviation of the average Calculated
pressure over the last 3 or 5 days

18 VRpressure Value range of the highest and lowest ~ Calculated
pressure values in the last 3 or 5 days

19 minmaxSDwind Standard deviation of min-max wind  Calculated
speed values in the last 3 or 5 days

20 meanSDwind Standard deviation of the average Calculated
wind speed over the last 3 or 5 days

21 VRwind Value range of the highest and lowest ~ Calculated

wind speed values in the last 3 or 5
days

A standout feature of CatBoost is its treatment of categorical
features. The algorithm leverages a technique called ordered boost-
ing, which involves random permutations to prevent overfitting.
Another notable method is mean encoding, where categories are re-
placed with the average target value for that category, with certain
regularization techniques applied to avoid overfitting.

For model interpretation, CatBoost offers built-in support for
SHAP values, making it easier to explain the predictions and un-
derstand feature importances. This integration of SHAP values
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is particularly beneficial as it offers a consistent methodology for
model interpretation without needing external tools (Chelgani et al.
2023).

In practice, CatBoost has proven to be competitive with other
gradient boosting implementations, often outperforming them,
especially when dealing with datasets with a high number of cate-
gorical features. Its efficiency, coupled with its user (Bentéjac et al.
2021). Table 3 in this research displays the hyperparameters for
Catboost that were chosen.

Artiﬁcial Intelligence in Applied Sciences



Table 2 Model Metrics and Confusion Matrices

Model Accuracy Precision Recall F1-Score Confusion Matrix
67 8
CatBoost 0.7521 0.7500 0.5217 0.6154
22 24
62 13
XGBoost 0.7273 0.6667 0.5652 0.6118
20 26
66 9
Extra Trees 0.7273 0.7097 0.4783 0.5714
24 22
63 12
Random Forest 0.7107 0.6571 0.5000 0.5679
23 23
. 58 17
LightGBM 0.6942 0.6047 0.5652 0.5843
20 26
) ) 61 14
Explainable Boosting 0.6860 0.6111 0.4783 0.5366
Machine 24 22
. . 62 13
Logistic Regression 0.6777 0.6061 0.4348 0.5063
26 20
57 18
Adaboost 0.6446 0.5385 0.4565 0.4941
25 21
- 54 21
Decision Tree 0.6281 0.5116 0.4783 0.4944
24 22
53 22
KNN 0.6281 0.5111 0.5000 0.5055
23 23
59 16
Support Vector Ma- 0.6198 0.5000 0.3478 0.4103
chine 30 16
. 45 30
Naive Bayes 0.6116 0.4915 0.6304 0.5524
17 29

Table 3 Hyperparameter values for the CatBoost model

Hyperparameter Value
iterations 1000
depth 6
12_leaf_reg 3.0
model_size_reg 0.5
border_count 254

Model Interpretation with SHAP Shapley Additive Explanations
(SHAP) provides a robust methodology for understanding and
interpreting the output of any machine learning model. Drawing
its foundation from cooperative game theory, SHAP was proposed
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in 2017 with an ambition to unify the various methods of model
interpretation. By allocating an "importance value" to each feature,
SHAP gives an indication of how much each feature contributes
to a given prediction. This methodology serves as a consistent
and locally accurate lens through which we can understand model
behavior (Kavzoglu and Teke 2022).

The mathematical foundation of SHAP is rooted in the Shapley
value from cooperative game theory. To calculate the SHAP value
for a particular feature, denoted as f;, we consider a set of all
features, F, and all the potential feature subsets, S, that can be
created after removing the i-th feature. The equation is:

S|tx (|F| =S| —1)!
fiz 5]t x (] |\F|!| 1) (Fsutiy (xsugpy) — fs(xs)) @)

SCR\{i}

In this equation, fg,(;; and fg represent the predictions of mod-
els trained with feature sets S U {i} and S respectively. The terms
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xsuqiy and xg denote the values of the input features in the sets
SU{i}andS.

While SHAP provides a comprehensive methodology, the di-
rect computation of Shapley values can be intensive, especially
when dealing with a large number of features. To address this,
SHAP offers approximations such as Shapley sampling and Shap-
ley quantitative influence.

SHAP values can be interpreted from both global and local
perspectives. On a global scale, features with consistently high ab-
solute SHAP values across many samples generally have a greater
influence on model predictions. Conversely, at the local level,
for a given prediction, SHAP values provide information on the
variables (Kannangara et al. 2022).

The versatility of SHAP is one of its standout attributes. It can
be seamlessly applied to a multitude of models, ranging from de-
cision trees and ensemble methods to neural networks. However,
it’'s worth noting that the computational demand of SHAP can
sometimes be a bottleneck, especially when the model has a vast
number of features or when dealing with large datasets.

RESULTS

Results of Classification

In our quest to measure the potential of environmental variables
in predicting the occurrence of Upper Respiratory Tract Infections
(URTIs), we applied the Catboost machine learning model on two
individually built datasets, incorporating both meteorological and
patient data. For the dataset structured around metrics from the
prior 3 days, the model defined 61 true positives and 21 true nega-
tives, while misidentifying 14 and 25 examples as false positives
and negatives, respectively. This resulted in an F1-score of around
0.519, an accuracy rate of 67.77%, and precision and recall values
of 0.6 and 0.4565, respectively. Moreover, the model’s AUC value,
a vital statistic evaluating its discriminative power, was at around
0.6861. (Figure 1a and 1c)

Contrastingly, when the model was trained on data covering
the prior 5 days, the results were considerably improved. The con-
fusion matrix indicated 67 true positives, 24 true negatives, 8 false
positives, and 22 false negatives. The measures indicated improve-
ment across the board: an Fl-score of 0.6154, an accuracy of 75.21%,
and precision and recall values of 0.75 and 0.5217, respectively. The
AUC value likewise experienced a boost, reaching roughly 0.7768.
These findings underline the Catboost model’s heightened com-
petence with a longer 5-day data frame as compared to a 3-day
one. It emphasizes the benefit of adopting an extended temporal
frame while examining the link between environmental elements
and URTT occurrences in the Pamukova District. Gleaning from
this, specific public health interventions may be designed, aiming
to limit the effect of URTIs on the population. (Figure 1b and 1d)

Explaining Model with SHAP

Understanding the choices of complicated models, such as Cat-
boost, is vital for exposing the role of numerous environmental
factors in forecasting Upper Respiratory Tract Infections. SHap-
ley Additive exPlanations values give a complete measure of fea-
ture importance, providing a better comprehension of the model’s
decision-making process.

For the model developed using meteorological data from the
prior three days, shortwave radiation emerged as the most signifi-
cant feature with a SHAP value of 0.50, underlining its substantial
influence on predicting Upper Respiratory Tract Infections. Other
significant determinants included the variability in temperature
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Figure 1 Confusion Matrices and ROC Curves for 2 dataset

over these three days with a SHAP value of 0.16, the average at-
mospheric pressure (SHAP value: 0.13), and the average wind
speed (SHAP value: 0.11), further emphasizing the role of these
environmental conditions in the model’s predictions. Features in-
cluding the length of sunlight (SHAP value: 0.06), the fluctuation
in wind speed (SHAP value: 0.06), and snowfall during the same
time (SHAP value: 0.04) also affected the model’s outputs, albeit
to a lesser amount as shown in Figure 2a.

When assessing the model trained with data covering the pre-
ceding five days, shortwave radiation consistently appeared as the
dominating feature with a SHAP score of 0.54. This reinforces the
persistent relevance of shortwave radiation levels in predicting
Upper Respiratory Tract Infection prevalence over an extended
duration. Other parameters, such as the variation in wind speed
(SHAP value: 0.21), precipitation levels (SHAP value: 0.18), and
the difference between the lowest and highest wind speeds over
these five days (SHAP value: 0.12), also played a considerable
part in the model’s classifications. However, features like snowfall
(SHAP value: 0.05), the variance in humidity (SHAP value: 0.04),
and the difference between the minimum and maximum atmo-
spheric pressures over this period (SHAP value: 0.03) exhibited a
relatively reduced influence in the five-day dataset compared to
the three-day one as shown in Figure 2b.

Drawing from these findings, it’s obvious that although certain
climatic factors, like shortwave radiation, continuously increase
the incidence of Upper Respiratory Tract Infections, others change
in their relevance dependent on the observational period. This
sophisticated knowledge reveals the delicate association between
environmental conditions and Upper Respiratory Tract Infection in-
cidences, underlining the necessity for region-specific, data-driven
interventions, especially in locations like the Pamukova District.
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Figure 2 Global SHAP Values for 3-Day and 5-Day Datasets

The predictions of machine learning models may be understood
by SHAP values, since both global and local explanations can be
offered by them. How each characteristic impacts the model’s
output on average is explained by global explanations, while how
each feature affects the model’s output for a given instance is in-
dicated by local explanations. The 2 days on which common and
accurate forecasts were provided by both models are investigated
in this case: 25.08.2021 and 23.12.2022. These days are noteworthy
since diverse seasons and weather conditions are represented by
them, and it is desirable to understand how these differences were
recorded by the models. The table provides meteorological read-
ings and SHAP values of the data for these two days. The relative
value of each attribute for the two models and the two days can be
compared by evaluating the table, and which features contributed
favorably or adversely to the predictions may be discovered. It can
also be seen how the meteorological data impact the SHAP values,
and how the nonlinear and interactive effects of the characteristics
on the model’s output are represented by them.

For 25.08.2021, placed in the warmer season, the model gener-
ated a True Negative forecast, suggesting that URTI diagnoses were
below average—a prediction that was successfully determined by
the model. Shortwave radiation on this day was significantly high,
and its accompanying negative SHAP values of -0.46 (3-day model)
and -0.34 (5-day model) imply that excessive radiation levels low-
ered the chance of URTIs. This makes shortwave radiation one of
the most significant factors for this day’s prognosis. Additionally,
the lack of precipitation, as represented in its zero actual value,
bore positive SHAP values of 0.11 (3-day model) and 0.35 (5-day
model), designating it as another important contributor.

Wind speed and its variations also appear relevant. The average
wind speed, with its SHAP value of 0.11 for the 3-day model,
shows that wind could have had a role in raising URTI prevalence.
Similarly, the variation in humidity across the three days, albeit
tiny in real value, nonetheless exhibited a positive SHAP value
of 0.05 (3-day model), showing its subtle effect on the model’s
predictions.

On 23.12.2022, a day indicative of the colder season, the model
returned a True Positive prediction, accurately projecting an above-
average URTI diagnosis. The reduced shortwave radiation value
for this day, followed with its noticeable positive SHAP value of
0.84 (5-day model), clearly stands out as the most impactful vari-
able, highlighting its crucial significance in the model’s predictions.
Atmospheric pressure, however constant across both models in ac-
tual values, displayed differing SHAP values, indicating its subtle
effect.

Furthermore, the variation in wind speed for the 5-day model,

Artiﬁcial Intelligence in Applied Sciences

(a) Local SHAP values for 25.08.2021 from 3-
day dataset

(b) Local SHAP values for 25.08.2021 from
5-day dataset

Figure 3 Local SHAP values analysis for 25.08.2021

with its SHAP value of 0.21, also emerges as an important driver,
illustrating the model’s sensitivity to varying wind conditions
throughout this winter day.

SHAP Values for 23.12.2022
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a) Local SHAP values for 23.12.2022 from 3-day dataset

SHAP Values for 23.12.2022
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b) Local SHAP values for 23.12.2022 from 5-day dataset

Figure 4 Local SHAP values analysis for 23.12.2022

Piecing together these findings, it’s evident that the model pre-
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cisely evaluates many climatic parameters when forecasting URTIs.
Shortwave radiation, precipitation, and wind-related factors con-
stantly appear as the most relevant drivers, altering the model’s
predictions throughout various seasons. This research underlines
the complex, multiple character of environmental determinants
on health outcomes and underscores the need of examining a
spectrum of environmental variables, particularly when creating
tailored treatments for varied weather conditions and seasons.

SHAP Dependences for Variables

Using SHAP dependency plots, it was showed how the model
output is impacted by critical meteorological factors. This variation
is not formed entirely by an individual component but is also
impacted by interactions with other weather-related variables. In
each figure, the SHAP value and the individual variable value
are depicted on the axes, and the feature with the most noticeable
interaction impact is indicated by the color of the dots. Through
these representations, crucial meteorological components were
discovered, and their complicated interaction was recognized.

Both the 3-day and 5-day datasets were employed to produce
the SHAP dependency plots, revealing insights into short-term
weather patterns and their possible cumulative consequences. By
merging information from both periods, a thorough knowledge of
the climatic conditions” immediate and prolonged consequences
was produced. However, it’s crucial to remember that although an
instructive summary is offered by these plots, they have not been
submitted to in-depth statistical analysis. Their major objective is
to illustrate the link between certain weather conditions and the
predictions provided by our model.

A constant trend was found across both periods in the Short-
wave Radiation dependency plots shown in Figures 6a and 6e for
the 3-day and 5-day datasets respectively. Looking at both graphs,
it is seen that values below 3000 W/m2 trigger an increase in the
number of patients, while values above trigger a decrease in the
number of patients. This discovery was confirmed by the remark-
able SHAP values reported for shortwave radiation in both data
sets.

In Figure 6f, the impact of average wind speed fluctuations on
forecasts is shown by the Standard Deviation of Average Wind
Speed in the Last 3 Days. Although there is no obvious sign of
an increase in the standard deviation, it seems that the low wind
speed change within 3 days triggered the number of patients. Its
important role is emphasized by the corresponding SHAP values.

The significant impact of wind dynamics on model predictions
is highlighted by the Value Range of Highest and Lowest Wind
Speed Values in the Last 5 Days, as shown in Figure 6g. It has been
observed that all "wind speed range" within 5 days being below 20
km/h triggers an increase in the number of diseases, while being
above 30 km/h triggers a decrease in the number of patients. This
discovery was supported by the prominent SHAP values in both
datasets.

The importance of atmospheric pressure in shaping model out-
puts is illustrated in the Last 3-Day Average Pressure dependency
plot, which can be seen in Figure 6h. Looking at the graph, it . as
seen that the 3-day average pressure value being below 1015 hPa
pushed the number of patients to a decreasing trend, and being
between 1015 and 1020 hPa triggered a relative increase in the
number of patients. The relevance was further emphasized by the
SHAP value in the 3-day data set.

Finally, the impact of precipitation on our model’s predictions
over the 5-day period is clarified in the Precipitation dependency
plot in Figure 6d. Looking at the graph, it is seen that the 5-day
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average rainfall amount being different from zero tends to reduce
the number of patients relatively.
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DISCUSSION

This research aims to bridge the gap in understanding the compli-
cated association between climatic factors and the prevalence of
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Table 4 Actual Values and SHAP Values table for 25.08.2021 and 23.12.2022

25.08.2021 (True Negative)

23.12.2022 (True Positive)

Feature 3-Day A.V. 3-Day SHAP 5-Day A.V. 5-Day SHAP 3-Day A.V. 3-Day SHAP 5-Day A.V. 5-Day SHAP
meantemp 23.22 -0.16 22.48 -0.00 6.88 0.00 6.19 0.09
meanhumidity 77.03 0.01 76.58 0.05 63.53 -0.08 73.78 0.02
meanpressure 1012.54 -0.04 1013.31 -0.01 1019.02 0.18 1024.24 -0.13
meanwind 9.70 -0.10 10.96 -0.01 6.84 0.27 11.35 0.02
sunshine 650.60 0.08 660.33 0.12 554.56 0.08 361.82 -0.00
radiation 6635.25 -0.46 6618.57 -0.34 2561.42 0.70 1987.19 0.84
precipitation 0.00 0.11 0.00 0.35 0.00 0.13 2.52 -0.15
snowfall 0.00 0.01 0.00 0.02 0.00 0.03 0.22 0.02
cloudcover 44.85 -0.04 41.04 0.11 10.56 0.01 44.31 0.02
minmaxSDtemp 5.25 -0.01 5.60 -0.05 5.99 -0.02 5.15 0.00
meanSDtemp 0.72 0.18 1.11 -0.06 1.95 0.05 1.86 -0.02
VRtemp 11.83 -0.15 14.99 0.00 14.97 0.03 14.97 0.02
minmaxSDhumidity 1.08 -0.00 27.89 0.05 7.18 0.10 22.23 0.02
meanSDhumidity 1.16 0.18 1.76 0.20 9.20 -0.01 14.82 -0.05
VRhumidity 2.61 0.08 66.00 0.01 18.39 0.05 58.00 -0.01
minmaxSDpressure  1.61 -0.02 2.21 0.02 4.32 -0.04 8.03 0.02
meanSDpressure 1.62 -0.00 1.57 -0.01 4.11 -0.01 7.16 0.07
VRpressure 3.89 -0.03 7.10 -0.04 10.20 -0.00 24.20 -0.09
minmaxSDwind 2.14 -0.02 13.49 0.13 1.1 0.09 9.02 0.11
meanSDwind 1.91 -0.06 2.14 -0.18 1.56 -0.01 5.97 0.14
VRwind 4.52 -0.03 30.65 0.07 3.02 0.03 25.77 0.01
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URTIs in the Pamukova District, utilizing modern machine learn-
ing methods. Several critical discoveries arose from this analysis,
having substantial implications for both the scientific community
and public health measures.

The results of this study underscore the significant improve-
ments achieved by extending the temporal frame of environmental
data from 3 to 5 days when predicting URTIs using the Catboost
model. The extended data frame led to a substantial increase in
predictive performance, with the Fl-score improving from 0.519
to 0.6154, accuracy from 67.77% to 75.21%, precision from 0.6 to
0.75, recall from 0.4565 to 0.5217, and the AUC value from 0.6861
to 0.7768. These results highlight the advantage of considering a
broader temporal context, which captures more comprehensive
environmental patterns that influence URTI occurrences.

Additionally, the integration of SHAP values significantly en-
hances the interpretability of the Catboost model, providing clear
insights into feature importance. Key findings revealed that short-
wave radiation was the most influential predictor, with its SHAP
value increasing from 0.50 in the 3-day model to 0.54 in the 5-day
model. Other important factors included variations in wind speed,
precipitation levels, and atmospheric pressure. The improved in-
terpretability and predictive accuracy underscore the potential of
this method for developing effective, data-driven public health
interventions. This approach not only improves the robustness of
predictions but also enables targeted strategies tailored to specific
environmental conditions, ultimately contributing to better health
outcomes in regions like the Pamukova District.

The continuous relevance of shortwave radiation across both
3-day and 5-day datasets highlights its severe influence on URTI
incidences. This coincides with some recent study, which has high-
lighted the possible immunomodulatory effects of sun radiation,
possibly altering virus transmission and susceptibility. The nega-
tive link identified between high shortwave radiation levels and
URTIs shows that greater sunshine exposure, and maybe its related
vitamin D synthesis, could give some protection against URTIs.
This underscores the necessity of addressing regional and seasonal
changes when creating public health interventions.

The association between wind dynamics and URTIs is com-
plicated. While wind may scatter respiratory droplets, possibly
lowering transmission, it can also worsen respiratory symptoms
and increase exposure to allergens. Our results highlighting the
impact of wind speed changes, particularly over extended peri-
ods, may open the way for more nuanced study addressing the
interactions between wind patterns, allergen dispersion, and URTI
occurrences. Specifically, the 5-day model showed that variations
in wind speed, with a SHAP value of 0.21, were significant predic-
tors of URTIs. Additionally, the dependency plot analysis revealed
that wind speed ranges below 20 km/h increased the number of
cases, whereas ranges above 30 km/h decreased the number of
cases, further emphasizing the importance of wind dynamics in
predicting URTT occurrences.

Atmospheric pressure, another crucial element in our model,
has been little examined in connection to respiratory diseases. Our
results reveal prospective pathways for investigation into how
atmospheric pressure could alter air quality, respiratory function,
and therefore, susceptibility to infections. The observed associa-
tion between pressure levels and URTIs could also indicate indirect
consequences, such as behavioral changes in reaction to climatic
circumstances. For instance, the 3-day average atmospheric pres-
sure below 1015 hPa was associated with a decrease in URTI cases,
whereas pressure between 1015 and 1020 hPa triggered a relative
increase, as shown in the SHAP dependency plot. The SHAP val-
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ues for mean atmospheric pressure were -0.04 for the 3-day model
and 0.18 for the 5-day model, indicating its significant but complex
role in influencing URTI rates.

Precipitation appeared as a key variable across the 5-day pe-
riod. This is in accordance with prior research, which has generally
correlated damp circumstances with higher virus survival and
transmission, particularly in cold settings. Our findings indicate
that the presence of precipitation in the 5-day dataset, with a SHAP
value of 0.18, was a significant factor in predicting URTIs. The
dependency plot demonstrated that non-zero precipitation val-
ues tended to reduce the number of URTI cases. This lays the
ground for further extensive investigations that might shed light
on how various precipitation types affect URTIs, emphasizing the
importance of understanding the specific climatic conditions that
promote or hinder the transmission of respiratory infections.

The strength of this work comes in its holistic approach, in-
corporating a variety of climatic factors and applying powerful
machine learning methods to decode their cumulative influence
on URTIs. CatBoost, with its capacity to handle categorical charac-
teristics without preprocessing, emerged as a useful tool, offering
insights with great accuracy. However, some limits must be noted.
While the research caught a broad variety of environmental fac-
tors, additional possible confounders such as indoor air quality,
personal habits, and vaccination rates were not evaluated. The
reliance on data from a specific area further restricts the generaliz-
ability of the results. Furthermore, although SHAP values give a
comprehensive comprehension of feature relevance, they do not
always suggest causation.

Future research should seek to replicate and build upon these
results in other geographical locations, integrating additional pos-
sible confounders and examining causal processes. Longitudinal
research covering longer time periods might give insights into the
long-term impact of climatic factors on URTIs. There’s also a need
for in-depth investigation of the molecular and physiological path-
ways via which these environmental influences impact respiratory
health.

In conclusion, our analysis underlines the complicated interac-
tion of climatic circumstances in producing URTI patterns. As the
global community grapples with respiratory illnesses, information
from such research are vital. They not only increase our knowledge
but also give actionable information for public health authorities,
allowing the creation of tailored treatments that account the partic-
ular environmental and climatic context of a place.

CONCLUSION AND FUTURE WORK

This research provides a complete examination of the interaction
between several climatic conditions and the prevalence of URTIs in
the Pamukova District of Sakarya Province, Turkey. Through the
application of the CatBoost machine learning model, we discov-
ered that certain environmental characteristics, notably shortwave
radiation, precipitation, and wind-related variables, continuously
emerge as key drivers in forecasting URTI occurrences.

Notably, shortwave radiation’s consistent effect throughout var-
ied seasons highlights its importance as a critical element. This un-
derlines the delicate balance between the environment and human
health, indicating that although certain elements have a consistent
influence, others fluctuate dependent on the time range studied.
Additionally, the model’s precise detection of detailed weather
patterns, particularly when employing a 5-day observing period,
shows that protracted environmental circumstances could play a
more essential role in determining URTIs than previously believed.

The use of SHAP values greatly improved our comprehension,
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allowing for both global and local interpretations of the model’s
predictions. These numbers not only strengthened the findings
reached from the model’s raw outputs but also offered insight on
the complicated connections between numerous weather factors.

The results of this study uncover various exciting paths for both
additional research and practical applications. The usage of SHAP
values in our study has shown to be a rewarding venture, enabling
a granular comprehension of the multiple meteorological aspects
that contribute to the occurrence of URTIs. While our work has
found a plethora of discoveries, it’s obvious that the full potential
of SHAP values and other machine learning interpretability tools
needs to be utilized, especially in the context of URTIs and weather
conditions. Some of the planned futureworks are:

¢ Enhancing Patient-Centric Reporting Using SHAP Values:
Presently, SHAP values enable us to discover which climatic
parameters in our dataset play a crucial role in forecasting
URTI occurrences. An extension of this method would be to
describe the percentage contribution of each variable, sup-
plying a more explicit and accurate grasp of the risk factors.
This revised technique might provide healthcare practitioners
with a personalized strategy to predict URTI spikes, basing
their preventative actions around the most relevant weather
circumstances.

¢ Integration of Additional Data Sources: Beyond meteorologi-
cal considerations, incorporating statistics relating to air pollu-
tion, pollen counts, and other environmental variables might
increase the forecasting powers of the model. This would
offer a more thorough view of the environmental triggers of
URTIs.

¢ Expansion of Geographical Scope: Delving into different geo-
graphical locations, both within Turkey and worldwide, could
show whether the linkages detected in the Pamukova District
are generally applicable or feature regional quirks.

e Temporal Analysis using SHAP: By applying SHAP values in
a temporal context, it would be feasible to discover patterns
linked to the seasonality of URTIs and how various mete-
orological conditions interact through time to impact URTI
prevalence.

¢ Real-time URTI Predictive Systems: Capitalizing on the in-
sights obtained, there’s a chance to create real-time prediction
systems that can estimate URTI prevalence based on present
and impending climatic conditions, thereby helping health-
care institutions to plan appropriately.
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