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One of the key challenges in developing robust machine learning models for medical applica-
tions is the presence of imbalanced datasets. While metaheuristic optimization methods have
demonstrated potential for enhancing machine learning performance, their application to imbal-

August 12, 2026 anced medical data remains comparatively underexplored. This study investigates four nature-
Keywords: inspired optimization algorithms—Bat Algorithm (BA), Genetic Algorithm (GA), Grey Wolf
Hyperparameter tuning Optimization (GWO), and Whale Optimization (WO)—for improving Random Forest (RF)
Ensemble learning classification across four imbalanced medical datasets covering breast tumor diagnosis, heart
Nature-Inspired optimization failure survival prediction, mammographic microcalcification detection, and diabetes classifi-
Medical applications cation. According to the Fl-score results, GWO produced the largest performance improve-
Imbalanced data ments, ranging from 0.060 to 0.256, followed by WO (0.045-0.229), GA (0.036-0.214), and

BA (0.036-0.203). The validation analysis further demonstrated the strong convergence behav-
ior and optimization capability of GWO, which consistently surpassed the competing ap-
proaches. The highest classification performance was obtained by GWO-RF for breast cancer
diagnosis, achieving an F1-score of 1.000, whereas the lowest performance was recorded for
BA-RF in mammographic microcalcification detection, with an F1-score of 0.570. Optimization
time varied according to both the characteristics of the datasets and the underlying search mech-
anisms, with WO consistently requiring the least optimization time across all datasets. Overall,
the findings demonstrate that nature-inspired optimization techniques can substantially enhance
the classification performance of Random Forest models when applied to imbalanced medical
datasets.

© 2027 by the authors; licensee Growing Science, Canada.

1. Introduction

The emergence of machine learning has fundamentally transformed the field of medical applications by providing advanced
approaches for disease diagnosis, prognostic assessment, and individualized treatment planning (Ahsan et al., 2022; Nasir
et al., 2024). Through the analysis of large-scale healthcare datasets, machine learning algorithms can identify complex
patterns, associations, and nonlinear relationships that may remain undetected using conventional statistical methods (An
et al., 2022). Its applications span a broad range of healthcare domains, including medical imaging, where machine learning
techniques facilitate the detection and characterization of abnormalities in radiological images (Jones et al., 2021), as well
as predictive modeling based on electronic health records (Rajkomar et al., 2019), which can support the prediction of
clinical complications and the optimization of healthcare interventions (Sendak et al., 2020). Moreover, the ability of ma-
chine learning to process high-dimensional and multimodal medical information presents considerable opportunities for
enhancing the efficiency, precision, and reliability of healthcare delivery (Mantelakis et al., 2021). Nevertheless, despite
these advances, important challenges must be addressed before machine learning can be applied equitably and reliably
across healthcare settings. In particular, the widespread occurrence of imbalanced datasets can adversely affect model per-
formance and introduce disparities in predictive outcomes. Accordingly, the World Health Organization has emphasized
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the need to address such challenges to promote the responsible and equitable deployment of artificial intelligence in global
health initiatives (WHO, 2024).

Imbalanced datasets are particularly prevalent in healthcare because the incidence of different diseases, clinical conditions,
and patient outcomes varies considerably across populations (Araf et al., 2024; Zhao et al., 2018). When one class substan-
tially outnumbers another, machine learning models may become biased toward the majority class, resulting in poor recog-
nition of clinically important but less frequently observed cases. For example, in a disease classification dataset, records
associated with common conditions such as colds or allergies may greatly exceed those corresponding to rare diseases,
causing the learning algorithm to favor the dominant class (Sowjanya & Mrudula, 2023). Mitigating this imbalance is there-
fore essential for developing robust and clinically reliable machine learning models (Zhang et al., 2023). Various strategies,
including data resampling, cost-sensitive learning, and ensemble-based approaches, have been proposed to address class
imbalance, although each method involves specific benefits and limitations (Zhao et al., 2018). Effectively managing im-
balanced medical data is ultimately critical for maximizing the utility of machine learning in healthcare and ensuring that
predictive systems perform reliably across heterogeneous and underrepresented patient populations (Zhang et al., 2023).

Ensemble learning has emerged as a reliable and widely adopted machine learning paradigm for medical applications, owing
to its flexibility, robustness, interpretability, and relatively strong resistance to overfitting. By integrating predictions from
multiple base learners, ensemble approaches can capture diverse patterns within complex and high-dimensional medical
datasets, making them particularly valuable for disease diagnosis, prognosis, and treatment outcome prediction (Pauly,
2012). Among these approaches, the Random Forest (RF) classifier represents a prominent ensemble learning method and
has considerable potential for classification tasks involving imbalanced medical data. However, the predictive performance
of RF and other ensemble models is highly dependent on the appropriate configuration of their hyperparameters. Determin-
ing an effective hyperparameter configuration is often computationally demanding and time-consuming, particularly when
the search space is large, and conventional optimization strategies may become trapped in locally optimal solutions. Me-
taheuristic optimization algorithms provide a promising alternative by efficiently exploring complex hyperparameter spaces
and reducing the likelihood of premature convergence to suboptimal solutions (Zhang et al., 2020).

The effectiveness of metaheuristic optimization in combination with ensemble learning has been demonstrated across sev-
eral healthcare applications, including stress detection (Alrosan et al., 2024), breast cancer diagnosis (Bezdan et al., 2024),
multi-disease classification (Singh et al., 2024), coronary artery disease prediction (Vijayaraj & Pasupathi, 2024), early
diabetes detection (Jain & Singhal, 2024), hospital length-of-stay estimation (Mansoori et al., 2023), and the detection of
abnormalities in medical datasets (Aswath et al., 2022). However, much of the existing literature has focused on conven-
tional tree-based ensemble models without systematically investigating the effectiveness of metaheuristic optimization un-
der severe class-imbalance conditions. This limitation highlights an important research gap, as optimizing classifier param-
eters without explicitly considering class imbalance may not adequately address the challenges associated with minority-
class prediction. Therefore, further investigation is warranted to determine whether metaheuristic optimization can substan-
tially improve RF classification performance on imbalanced medical datasets.

This study addresses the identified research gap by developing an enhanced Random Forest (RF) framework optimized
using four nature-inspired metaheuristic algorithms: Bat Algorithm (BA), Genetic Algorithm (GA), Grey Wolf Optimiza-
tion (GWO), and Whale Optimization (WO). The study systematically examines the contribution of each optimizer to clas-
sification performance across four imbalanced medical datasets representing breast tumor diagnosis, heart failure survival
prediction, mammographic microcalcification detection, and diabetes prediction. By exploiting the complementary explo-
ration and exploitation capabilities of metaheuristic optimization, the proposed framework enables a more effective search
of the RF hyperparameter space while reducing the risk of premature convergence to local optima. This approach is partic-
ularly advantageous for complex, computationally expensive, and non-differentiable optimization problems commonly en-
countered in medical machine learning. Through the integration of metaheuristic optimization with RF classification, the
proposed framework aims to mitigate the adverse effects of class imbalance and improve the reliability and predictive
performance of medical classification models.

2. Material and Methods
2.1. Methodology

As illustrated in Fig. 1, the methodology adopted in this study consists of four main stages:

» Dataset selection: Four medical datasets—BCW, HFR, MCC, and PID—were selected to represent classification
tasks characterized by imbalanced class distributions.

*  Selection of key hyperparameters: Based on relevant literature and the structure of the RF classifier, seven hy-
perparameters were identified for optimization: number of estimators, maximum tree depth, minimum samples
required for splitting, minimum samples per leaf, maximum features considered at each split, maximum number
of leaf nodes, and maximum sample size.
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*  Hyperparameter optimization: The selected RF hyperparameters were optimized using four nature-inspired me-
taheuristic algorithms: Bat Algorithm (BA), Genetic Algorithm (GA), Grey Wolf Optimization (GWO), and Whale
Optimization (WO).

*  Model validation: Following hyperparameter optimization, the resulting RF models were evaluated using the Area
Under the Receiver Operating Characteristic Curve (AUC) and F1-score. The performance of the optimized models
was subsequently compared to quantify the effects of the different optimization strategies and identify the ap-
proaches that most effectively enhance RF classification performance on imbalanced medical datasets.
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Fig. 1. Research methodology
2.2. Datasets

To enhance the robustness and generalizability of the findings, multiple medical datasets were employed in the modeling
process. Using datasets from different clinical contexts enabled a broader assessment of the predictive performance of the
proposed framework and provided a more comprehensive evaluation of its applicability to imbalanced medical classification
problems. Table 1 summarizes the statistical characteristics of the datasets used in this study, while Figure 2 illustrates the
distribution of the target classes and the corresponding class imbalance across the datasets.

* BCW dataset (Wolberg et al., 1993): The BCW dataset is a widely used medical dataset for binary classification of
breast tumors into malignant and benign categories. It comprises 30 numerical features extracted from digitized images
of fine-needle aspiration (FNA) samples of breast tissue. The features describe characteristics including radius, texture,
perimeter, area, smoothness, compactness, concavity, concave points, symmetry, and fractal dimension. These charac-
teristics are represented through their mean, standard error, and worst-case values. The binary target variable indicates
whether the tumor is malignant or benign

* HFR dataset (Chicco & Jurman, 2020): The HFR dataset is designed for binary prediction of patient mortality following
heart failure. It contains clinical information from 299 patients and includes 13 variables representing demographic,
laboratory, and clinical characteristics. The features include age, anemia, creatinine phosphokinase, diabetes, ejection
fraction, high blood pressure, platelet count, serum creatinine, serum sodium, sex, smoking status, and follow-up dura-
tion. The death event serves as the binary target variable, indicating whether the patient died during the follow-up period

* MCC dataset (Rastogi, 2023): The MCC dataset is intended for binary classification of mammographic microcalcifica-
tions, which may serve as an important indicator of early-stage breast cancer. The dataset contains two primary image-
derived features describing characteristics of microcalcifications, including their size and shape, which may provide
information relevant to malignancy assessment. The target variable represents the binary classification of microcalcifi-
cations as benign or malignant

¢ PID dataset (Smith et al., 1988): The PID dataset is a widely used medical classification dataset for predicting diabetes
among female patients of Pima Indian heritage. It contains records from 768 individuals and eight predictor variables,
including the number of pregnancies, plasma glucose concentration, blood pressure, skin thickness, insulin level, body
mass index (BMI), diabetes pedigree function, and age. The binary target variable indicates whether the individual was
classified as diabetic or non-diabetic.

Table 1
Statistical information of utilized datasets
Dataset Number of records excluding 'Nan' values Number of features Class distribution
Benign: 357
LEXE i - Malignant: 212
Deceased: 96
HER 299 12 Survived: 203
Negative case: 10923
WICE (kS ® Positive case: 260
PID 768 3 Non-diabetic: 500

Diabetic: 268
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Fig. 2. Target feature distribution across utilized imbalanced medical datasets

2.3. Random forest (RF)

RF is a prominent ensemble learning algorithm that extends the conventional decision-tree framework by integrating mul-
tiple independently constructed trees into a unified predictive model. During training, RF generates an ensemble of decision
trees and combines their individual predictions to produce the final output, typically using majority voting for classification
and averaging for regression. This strategy is founded on bootstrap aggregation (bagging), which enhances predictive sta-
bility and reduces model variance by combining predictions from multiple learners. Each decision tree is trained using a
bootstrap sample drawn from the original training data, while the resulting ensemble benefits from the diversity among its
constituent trees. This design contributes to RF’s robustness and reduces the likelihood of overfitting, particularly when
dealing with complex and heterogeneous datasets (Khorrami et al., 2022).

The effectiveness of RF is primarily attributed to two sources of randomization: bootstrap sampling of observations and
random selection of predictor variables. For each tree, a training subset is generated through sampling with replacement,
resulting in different data configurations across the ensemble. Furthermore, at each internal node, only a randomly selected
subset of features is considered as candidate splitting variables rather than the complete feature set. This additional random-
ization increases diversity among the trees and decreases their mutual correlation, thereby improving the overall stability of
the ensemble. By integrating these mechanisms, RF can capture diverse patterns within the data while maintaining robust-
ness to noise and offering strong performance in high-dimensional classification problems (Khorrami et al., 2022).

2.3.1. Selected hyperparameters
Based on the hyperparameter specifications provided by the Python scikit-learn library (Pedregosa et al., 2011) and the

relevant literature (Farhangi, 2022), seven RF hyperparameters were selected for optimization. Their definitions and search
ranges are described below:
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* Number of estimators: Determines the total number of decision trees constructed within the RF ensemble. Increasing
the number of trees can improve predictive stability and performance, although it also increases computational cost. In
this study, the optimization range was defined as 10-1000

¢ Maximum depth: Controls the maximum depth to which an individual decision tree can grow and therefore regulates
model complexity and overfitting. A value of None permits a tree to expand until the leaves are pure or cannot be further
split. The optimization range adopted in this study was 10-200

¢ Minimum samples per split: Defines the minimum number of training samples required for an internal node to be divided
into child nodes. Increasing this parameter constrains tree growth and can help reduce overfitting. The optimization
range was set to 2-20.

e Minimum samples per leaf: Specifies the minimum number of samples that must be present in a terminal (leaf) node.
Larger values constrain model complexity and generally produce smoother and more stable predictions. The selected
optimization range was 1-20.

e Maximum features per split: Determines the number of predictor variables randomly considered when searching for the
best split at each tree node. This parameter introduces additional randomness into the ensemble and contributes to tree
diversity and generalization. In this study, the search range was defined from 1 to n, where n represents the total number
of available features.

* Maximum leaf nodes Specifies the maximum number of terminal nodes permitted in each decision tree. Limiting this
parameter restricts tree complexity and can reduce overfitting, whereas None allows unrestricted growth subject to the
other stopping criteria. The optimization range was 10-200.

¢ Maximum samples: Determines the number of observations drawn from the training dataset to construct each individual
tree. Depending on the implementation, this parameter can be specified as an integer or a fraction of the available sam-
ples, while None uses the complete training set. In this study, the optimization interval was defined as (0.0, 1.0], repre-
senting the proportion of training observations sampled for each tree.

2.4. Nature-inspired optimization
2.4.1. Bat algorithm (BA)

The BA, introduced by Xin-She Yang in 2010, is a Nature-inspired optimization technique that emulates the echolocation
capabilities of bats. In this approach, individual “bats” symbolize candidate solutions, navigating the problem space by
modulating attributes such as frequency, loudness, and pulse emission rate. These parameters are dynamically adjusted to
achieve an equilibrium between broad exploration and focused exploitation, allowing the algorithm to effectively survey
the solution landscape and identify promising areas for refinement. The process begins with a randomly generated popula-
tion of bats, each assigned initial positions and velocities that represent the starting set of potential solutions (Yang, 2010;
Yang & Hossein Gandomi, 2012). A pivotal aspect of the BA is its frequency modulation mechanism. Each bat meticulously
calibrates its frequency within a designated range, profoundly influencing the extent of exploration. The frequency, speci-
fied as f; for bat i, is updated through the following equation:

fi = fmin + (fmax - fmin)-ﬁ (D

where f,,;, is the upper-frequency limit, f,,,, represents the lower-frequency limit, and f is a random parameter drawn
from a uniform distribution between 0 and 1. The resulting frequency is subsequently utilized to adjust the bat's velocity,
guiding its movement through the solution space towards the current optimal solution. This mechanism balances broad
exploration of the search space and focused convergence on promising areas. The velocity vi(t) for each bat is adjusted
based on a combination of its current frequency and the most optimal solution discovered up to that point. The equation for
updating the velocity is expressed as follows:

v = v+ (Y = x).f; @)

L
where x, represents the most optimal solution currently known. Subsequently, the position of each bat, xl-(t_l), is updated
using its velocity, thus enabling the bat to explore in the direction of promising solutions. The position update is formulated
as follows:

xl.(t) = xi(t_l) + vi(t) 3)

These operations enable individual bats to navigate the solution space by incorporating feedback from both their current
positions and the global best solution, thereby guiding them towards more favorable regions. Upon approaching an optimal
solution, a bat executes a localized random walk to fine-tune its position, thus ensuring comprehensive exploration of the
immediate vicinity. This local search mechanism is represented by the following equation:
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Xnow = %, + €A )

Here, x, represents the current optimal solution, € denotes a small randomly selected value within the interval [-1, 1], and

Agt) signifies the bat's loudness at time ¢. This approach facilitates the efficient use of promising solutions while retaining
the adaptability necessary for exploring complex search spaces. As the bats converge towards a solution, their loudness,
denoted by 4;, and pulse rate, denoted by 7;, are adjusted dynamically to promote convergence. Specifically, the loudness
is decreased while the pulse rate is increased, encouraging the bats to focus their search around promising areas. These
adjustments are defined using the following equations:

Ag”l) _ a.AEt) )
n(t+1) — T‘i(o). (1—e7 (6)
where a and y represent constant parameters, with a typically set to a value less than 1 and y to a value greater than 0. This
adaptive mechanism enables the BA to transition smoothly from broad exploration to focused exploitation, rendering it a
versatile and robust optimization technique suitable for a diverse range of problem domains.

2.4.2. Genetic algorithm (GA)

The GA is a metaheuristic optimization approach derived from the principles of natural evolution. It was first introduced
by John Holland in the 1970s. This approach is particularly adept at solving complex optimization problems, including
those with large, nonlinear, or multimodal solution spaces. In a GA implementation, a population of potential solutions,
“chromosomes” or “individuals”, evolves over successive generations. This evolutionary process is guided by mechanisms
that emulate biological selection, recombination (crossover), and mutation. These genetic operators are employed to opti-
mize a fitness function, which quantitatively evaluates the quality of each solution. The GA's capacity to explore extensive
solution spaces while balancing the exploitation of promising areas makes it a powerful tool for addressing diverse optimi-
zation challenges across various domains (Mitchell, 1998; Pei et al., 2022).

Fitness evaluation and selection: The quality of each candidate solution x within the population is assessed using a prob-
lem-specific fitness function, f(x), which quantifies the suitability of each solution. Solutions exhibiting higher fitness
values are more likely to be chosen for reproduction. One frequently employed selection technique is roulette wheel selec-
tion, where the probability P (i) of selecting an individual i is determined by the following equation:

P(D) = gy X £ )

where f (x;) equals the individual i's fitness value, and “N” denotes the total population size. The stochastic selection process
guarantees that individuals with superior fitness have an elevated probability of producing offspring, while concurrently
maintaining genetic diversity within the population (Golberg, 1989).

Crossover (recombination): After the selection process, the selected individuals (parents) engage in crossover to generate
offspring. This operation combines genetic information from two parents, thereby introducing variability into the popula-
tion. Single-point crossover, often used in genetic algorithms, operates by randomly selecting a crossover point k, and
offspring are produced by combining genes from both parents up to said point. The resulting offspring, designated as
Of fspring, and Of fspring,, can be represented using the following equations:

OF fsprings = (X1, )Xo Vics1s V) ®)
OF FSPTings = (s, e, Vi Xies1 %) ©)

where the variables x and y represent the two parent chromosomes, while 7 signifies the chromosome length. The exchange
of genetic information enables the algorithm to explore novel solutions by combining characteristics from high-performing
individuals (Mitchell, 1998).

Mutation: Mutation introduces stochastic modifications to offspring genes, thereby maintaining genetic diversity and aid-
ing the algorithm in escaping local optima. In a binary-encoded GA, mutation may entail inverting a bit within the chromo-
some with a low probability of p,,,.;. For real-valued chromosomes, mutation could involve the addition of a small random
value € to a gene:

Xmut =X + € (10)
where € is sampled from a Gaussian or uniform distribution with a zero mean. The mutation process serves to maintain

genetic diversity within the population, thereby enabling the GA to investigate previously unexplored regions of the solution
space and improving its overall robustness (Sivanandam et al., 2008).
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Replacement and termination: Following the crossover and mutation operations, the offspring replace a portion or the
entirety of the current population. In generational replacement, the entire population is superseded by offspring. However,
strategies such as elitism ensure the preservation of a few top-performing solutions from the previous generation, thereby
preventing the discarding of superior solutions. The algorithm progresses through the aforementioned steps iteratively until
a condition for termination is met, such as completing the maximum number of generations or reaching the required fitness
level (Sivanandam et al., 2008).

2.4.3. Improved grey wolf optimization (GWO)

The GWO is a new developed nature-Inspired optimization technique that simulates the social hierarchy and hunting strat-
egies of grey wolves. The GWO consists of three dominant wolves, referred to as a, 8, and §, which represent the optimal
solutions and lead the others (w) into promising areas in search of the global optimum. The hunting process of the wolves
involves encircling, hunting, and attacking the prey steps (Nadimi-Shahraki et al., 2021).

Encircling: The encircling behavior of grey wolves when targeting prey can be represented as follows:

D =|C X,(t) — X(®)| (11)
X(t+1)=X,(t)—AD (12)

where X, represents the prey position, X is the grey wolf position vector, and t indicates the current iteration. € and A are
coefficient vectors defined as follows:

A=2Ar —a(t) (13)
C=2r (14)

where r; and r, represent random vectors in [0, 1]. The components of the vector a decrease linearly from 2 to 0 throughout
the iterations:

a(t) = 2 — (2 t)/MaxIter (15)

Hunting: It is considered that , 8, and § wolves have the most accurate knowledge of the prey’s location. Consequently,
by taking into account the positions of these three best solutions, the other wolves (w) are compelled to follow their lead:

Dy = |Cy Xo — X(2)|
Dg = |C, X — X(1)] (16)
Ds = |C3 X5 — X(0)]

were Cy, C,, and C; are calculated using Eq. 14.

Xil(t) = Xa(t) — Ay De (D)
Xip(t) = Xg(t) — Az Dg () 17)
Xiz(t) = Xs(t) — Az Ds(t)

where X, X,, and X, are the first three best solution candidates at the i-th iteration. A4, 4,, and A5 are calculated using Eq.
13.

Xi1(0)+ Xia(O+ Xi3(0)

Xit+1)= 3

(18)
Attacking: The hunting process ends as the prey stops to move, and prompting the wolves to initiate an attack. This can be
represented by a variable a (Eq. 15), which is gradually reduced throughout the iterations, balancing exploration and ex-
ploitation. The first half of the iterations focuses on exploration, while the latter half transitions smoothly into exploitation
(Emary et al., 2017). During this phase, wolves alter their positions randomly between the location of the prey and their
current position.

2.4.4. Whale optimization algorithm (WO)

is a nature-inspired optimization method proposed by Mirjalili and Lewis (2016). This population-based algorithm simulates
the social hunting behavior of humpback whales by using a set of randomly generated candidate solutions. WOA updates
and enhances candidate positions in each iteration through three main mechanisms: encircling prey, spiral position updating,
and prey searching (Mirjalili & Lewis, 2016).
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Encircling prey (if —1<A<1&p <0.5): X (t + 1): The position of a candidate solution is updated according to the
following equation (Mostafa Bozorgi & Yazdani, 2019):

D=|C
X

IC.X* =X (19)
(t+1)=

|X*(t) — 4.D| (20)

where pe[0, 1] and X represents the best solution obtained in the current iteration. The coefficient vectors A and C are
calculated using the equations below:

|2
2.

#— 4 @1
(22)

Oy
Il
=R

where d linearly drops from 2 down to 0 and 7 is a random vector within the interval [0, 1].

Search for prey (if —1 < A <1 &p < 0.5): This mechanism is applied during the exploration stage, enabling WOA to
perform a global search. It resembles the encircling prey strategy; however, instead of using the current best solution X ¥, it
utilizes a randomly selected candidate solution )?mnd (Mostafa Bozorgi & Yazdani, 2019):

D=ICXrama—X® (23)
X+ 1) = |Xrana(t) —A.D| 24)

Spiral updating position (if p = 0.5): During the exploitation phase, WOA combines encircling behavior with a spiral
movement strategy. The positions of individuals are updated using the spiral equation below (Mostafa Bozorgi & Yazdani,
2019):

X(t+1)=D"e". cos(2nl) + X*(t) (25)

where D = |)? *(t) — X (t)] represents the distance between the i-th candidate solution and the current best solution, b is a
constant parameter, and le[—1, 1].

2.5. Modeling validation

In this study, the AUC and F1-score were selected as the primary evaluation metrics for assessing the performance of the
classification models. These measures provide complementary information regarding the ability of a classifier to discrimi-
nate between classes and correctly identify positive instances. Their use is particularly relevant to medical classification,
where both reliable discrimination and accurate identification of clinically important cases are essential for diagnosis and
risk assessment.

AUC: AUC is a widely used metric for evaluating the discriminative ability of binary classification models. It summarizes
the relationship between the true positive rate and false positive rate across different classification thresholds. An AUC
value of 1.0 indicates perfect discrimination between the positive and negative classes, whereas an AUC of 0.5 corresponds
to performance equivalent to random classification (Brown & Davis, 2006). Higher AUC values therefore indicate a greater
ability of the classifier to distinguish between the two classes across a range of decision thresholds (Brown & Davis, 2006).

Precision: Precision measures the proportion of observations predicted as positive that are actually positive. It is particularly
important in medical classification because a low precision value indicates a high proportion of false-positive predictions.
Such errors may result in unnecessary diagnostic examinations, increased healthcare costs, psychological distress, and po-
tentially avoidable interventions. Therefore, maintaining high precision can be important when minimizing false-positive
classifications is a primary clinical consideration:

True positives

Precision = (26)

True positives + False positives
Recall: Recall, also referred to as sensitivity or the true positive rate, quantifies the proportion of actual positive cases that
are correctly identified by the classifier. High recall is particularly important in medical diagnosis because false-negative
predictions may result in patients with a disease or condition being incorrectly classified as healthy. Failure to identify such
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cases can delay diagnosis and treatment and may have serious clinical consequences. Accordingly, recall provides an im-
portant indication of the model's ability to detect clinically relevant positive cases.

True positives

Recall = 27

True positives + False negatives

F1 socre: The Fl-score is the harmonic mean of precision and recall and provides a single metric that balances these two
complementary aspects of classification performance. It is particularly useful for imbalanced datasets because it simultane-
ously considers false-positive and false-negative predictions rather than relying solely on overall accuracy. A high F1-score
indicates that the model achieves a favorable balance between correctly identifying positive cases and limiting incorrect
positive predictions. Consequently, the F1-score was used as the objective function for the metaheuristic optimization pro-
cess, with the optimization formulated as the minimization of 1 — F1-score.

Precision . Recall

Flscore =2. —MMM (28)

Precision + Recall

3. Results and discussion

This study investigates the classification of imbalanced medical datasets using an ensemble learning framework based on
RF. Four medical datasets with different sample sizes, feature dimensions, and class distributions were considered to eval-
uate the robustness of the proposed approach across diverse classification settings. To improve RF classification perfor-
mance, four nature-inspired metaheuristic algorithms—BA, GA, GWO, and WO—were integrated into the RF framework.
The RF models were implemented using the imbalanced-learn library, while the metaheuristic optimization procedures were
implemented using the pyMetaheuristic library.

All experiments were performed on a computer equipped with 16 GB of DDR5 RAM operating at 5200 MHz and a 13th-
generation Intel® Core™ i5-13400 processor with a base frequency of 2.50 GHz. Each optimization algorithm was executed
for 250 iterations using a population size of 25, referred to as the population, swarm, pack, or hunting-party size according
to the terminology associated with each optimization method. The optimization procedure was designed to identify effective
configurations of the RF hyperparameters specified in Section 2.3.1. The objective function was defined as 1 — Fl-score,
meaning that minimizing the objective directly corresponds to maximizing the F1-score.

The optimization procedure consisted of several sequential stages. First, the candidate RF hyperparameters were initialized
within their predefined search ranges. The resulting RF configuration was then evaluated using the objective function, with
the F1-score serving as the primary measure of classification performance under class imbalance. Based on the calculated
objective values, each metaheuristic algorithm iteratively updated its candidate solutions over 250 iterations to search for
increasingly effective RF hyperparameter configurations. At the end of the optimization process, the configuration associ-
ated with the minimum value of 1 — F1-score was selected as the optimal solution. Finally, the RF classifier was trained
using the optimized hyperparameters, and the resulting model was evaluated using the validation metrics described in the
subsequent sections.

3.1. Performance improvements in classification

Figure 3 compares the performance of the four optimization algorithms—BA, GA, GWO, and WO—with the unoptimized
RF baseline across the BCW, HFR, MCC, and PID datasets. The figure reports the improvement in F1-score obtained
through each optimization strategy relative to the baseline model, thereby illustrating the extent to which metaheuristic
tuning enhances classification performance under imbalanced class distributions.

Overall, the results indicate that the swarm-intelligence-based approaches, particularly GWO and WO, provided greater
improvements than BA and GA, with GWO consistently producing the largest F1-score gains. For BCW, BA and GA each
improved the F1-score by 0.036, whereas both GWO and WO produced a larger gain of 0.060. On HFR, the improvements
obtained with BA and GA were 0.203 and 0.214, respectively, while GWO achieved the largest increase of 0.256, followed
by WO with 0.229. For MCC, BA, GA, and WO resulted in improvements of 0.041, 0.045, and 0.045, respectively, whereas
GWO produced a substantially higher gain of 0.065. A similar pattern was observed for PID, where BA and GA improved
the F1-score by 0.105 and 0.107, respectively, compared with improvements of 0.128 for GWO and 0.121 for WO. These
findings demonstrate that metaheuristic optimization can effectively improve the classification capability of RF, with GWO
showing the most consistent advantage across the evaluated datasets.

The observed improvements are particularly relevant for medical classification problems characterized by class imbalance,
where performance on the minority class is often more clinically important than overall accuracy. When appropriately
validated, calibrated, and externally evaluated, optimized models may improve the identification of underrepresented dis-
ease cases and potentially support earlier clinical intervention. However, such potential benefits should not be interpreted
as evidence of direct improvements in patient outcomes without prospective clinical validation.
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Several established approaches have been proposed to mitigate class imbalance, including random undersampling, random
oversampling, and Synthetic Minority Oversampling Technique (SMOTE), which modify the training data to achieve a
more balanced class distribution (Chawla et al., 2002; Fernandez, Garcia, et al., 2018; Fernandez, Garcia, et al., 2018; He
& Garcia, 2009). Nevertheless, resampling techniques can introduce their own limitations, including the potential distortion
of class distributions and overestimation of minority-class probabilities. Evidence also suggests that correcting class imbal-
ance through resampling does not necessarily improve the area under the receiver operating characteristic curve (AUC)
relative to models trained without explicit resampling. Although resampling may improve the balance between sensitivity
and specificity, comparable changes in classification behavior can sometimes be obtained by modifying the decision thresh-
old. Consequently, poorly calibrated probability estimates may reduce clinical utility and potentially contribute to inappro-
priate clinical decision-making (Van den Goorbergh et al., 2022). In this context, the present results suggest that optimizing
the RF decision model provides an alternative strategy for improving minority-class-sensitive performance without relying
exclusively on artificial modification of the original class distribution.
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Fig. 3. Comparison of optimization algorithms across imbalanced datasets

3.2. Validation results

Figure 4 presents the validation performance of the optimized models across the four medical datasets. Overall, GWO-
based RF classifiers produced the strongest and most consistent performance, achieving the highest Fl-scores across all
datasets and the highest AUC values in three of the four cases. For the BCW dataset, the GWO-RF model achieved perfect
performance, with both AUC and F1-score reaching 1.000. This performance was superior to that of BA-RF and GA-RF,
which obtained AUC values of approximately 0.985 and F1-scores of approximately 0.976, while matching the performance
of WO-RF, which also achieved 1.000 for both metrics. On the HFR dataset, GWO-RF again produced the best results,
with an AUC of approximately 0.957 and an F1-score of 0.828, compared with 0.915/0.774 for BA-RF, 0.897/0.786 for
GA-RF, and 0.921/0.800 for WO-RF. A similar pattern was observed for the PID dataset, where GWO-RF achieved an
AUC of approximately 0.866 and an F1-score of 0.800, outperforming BA-RF (0.837/0.778), GA-RF (0.841/0.780), and
WO-RF (0.858/0.793). For the MCC dataset, WO achieved a marginally higher AUC than GWO (0.956 vs. 0.954); never-
theless, GWO produced the highest F1-score (0.593), compared with approximately 0.570 for the other optimization ap-
proaches. Taken together, these findings indicate that GWO provided the most consistent overall improvement in RF clas-
sification performance, particularly when F1-score is considered as the primary metric for imbalanced medical classifica-
tion.

The strong performance of GWO may be related to its ability to maintain an effective balance between exploration and
exploitation during the optimization process. Exploration enables the algorithm to investigate diverse regions of the search
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space, whereas exploitation focuses the search around promising candidate solutions. GWO achieves this balance through
a hierarchical leadership structure involving alpha, beta, and delta wolves, which collectively guide the remaining search
agents toward promising regions rather than relying exclusively on a single best solution (Hou et al., 2022). This multi-
leader mechanism can promote greater search diversity while maintaining directional guidance during optimization. In con-
trast, GA relies substantially on stochastic genetic operators such as mutation and crossover, while BA employs algorithm-
specific control parameters that can influence its search behavior and convergence characteristics. The adaptive search
mechanism of GWO may therefore reduce the likelihood of premature convergence and facilitate more effective exploration
of the RF hyperparameter space. Such characteristics can contribute to more stable hyperparameter configurations and
improved predictive performance across datasets with different levels of class imbalance and complexity (Muryadi et al.,
2024).
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Fig. 4. Validation results of tuned RF models

3.2. Computational cost

In clinical machine learning applications, achieving high predictive performance must be balanced against computational
efficiency. To assess the practical applicability of the optimized models, the optimization times of the four metaheuristic
algorithms were compared across the datasets, as presented in Fig. 5. Although computational requirements are expected to
vary according to the search strategy and convergence behavior of each optimization algorithm, substantial differences in
runtime were observed across both datasets and optimization methods. Notably, WO consistently exhibited the shortest
optimization time in all four cases. For the BCW dataset, WO completed the optimization process in 43 min, compared with
134 min for GWO, 375 min for BA, and 550 min for GA. For HFR, the corresponding optimization times were 17, 46, 95,
and 274 min for WO, GWO, GA, and BA, respectively. In the MCC dataset, WO converged in 151 min, whereas BA, GA,
and GWO required 302, 429, and 606 min, respectively. Similarly, for PID, WO completed optimization in 60 min, sub-
stantially faster than GWO (147 min), GA (175 min), and BA (283 min). The superior computational efficiency of WO may
be associated with its search mechanism, which incorporates strategies that maintain population diversity while progres-
sively shifting the optimization process from global exploration toward local exploitation. Adaptive search operators and
population-based updating mechanisms can facilitate broad exploration during the early stages and more focused exploita-
tion as convergence progresses, thereby reducing the likelihood of premature convergence (Mostafa Bozorgi & Yazdani,
2019). In addition, nonlinear parameter-adjustment strategies and adaptive coefficients can improve the balance between
exploration and exploitation compared with optimization schemes that rely more heavily on fixed parameter settings (Ding
et al., 2020). Structured population initialization and hybrid search mechanisms may further reduce stagnation and improve
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the efficiency of the optimization process (Mostafa Bozorgi & Yazdani, 2019). The relatively lightweight updating opera-
tions employed by WO can also contribute to lower computational overhead during successive evaluations. These charac-
teristics may explain why WO required substantially less optimization time across the evaluated datasets while maintaining
effective search performance. Overall, the results suggest that WO provides a favorable compromise between optimization
efficiency and search effectiveness, making it a potentially attractive choice for computationally demanding and multimodal
medical classification problems (Zhu et al., 2024).
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Fig. 5. Optimization time for tuned RF models

The findings indicate that the characteristics of the datasets play a major role in determining the computational time required
for hyperparameter optimization. In particular, increases in the number of observations and predictor variables can enlarge
the effective search and evaluation burden, thereby increasing computational complexity and extending optimization
runtime. The MCC dataset, with 11,183 observations, and the BCW dataset, with 30 features, represent comparatively
demanding optimization settings and consequently required greater computational resources. In high-dimensional problems,
the number of possible configurations can increase substantially as the number of variables and candidate parameter com-
binations grows, making the search process more computationally challenging for metaheuristic algorithms (Kicska & Kiss,
2021). Moreover, larger datasets increase the computational cost of evaluating each candidate solution because model train-
ing and fitness assessment must be performed using more observations. This explains why datasets such as MCC and BCW
may require considerably more computational time than smaller datasets such as HFR, which contains 299 observations,
and PID, which contains 768 observations. Overall, these results demonstrate that both dataset scale and dimensionality
should be considered when assessing the computational efficiency and practical scalability of metaheuristic optimization
methods.

4. Conclusion

This study demonstrates the potential of nature-inspired optimization techniques to enhance ensemble learning for medical
classification, particularly when dealing with imbalanced datasets. Integrating RF with metaheuristic optimization resulted
in notable improvements in classification performance, primarily due to the ability of the optimization algorithms to effi-
ciently search the RF hyperparameter space. Among the evaluated approaches, GWO produced the most consistent and
substantial improvements. Its superior performance can be attributed to its effective balance between exploration and ex-
ploitation, which enables a broader search of the solution space while reducing the likelihood of premature convergence to
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suboptimal solutions. Consequently, GWO-RF achieved strong classification performance across the diverse medical da-
tasets considered in this study.

The analysis of computational efficiency further indicated that optimization runtime was determined by both the character-
istics of the optimization algorithm and the size and dimensionality of the dataset. Although the relative computational
performance of GWO, BA, and GA varied across datasets, WO consistently required the shortest optimization time. These
findings emphasize that optimization performance should not be evaluated solely in terms of predictive accuracy; conver-
gence speed and computational scalability are also important considerations for practical implementation. Therefore, se-
lecting optimization algorithms that provide an appropriate balance between predictive effectiveness, convergence effi-
ciency, and scalability is essential for the development and timely deployment of reliable machine learning-based medical
diagnostic systems.
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Appendix A
Table A1
Visual composition features and their corresponding designed prompts
Abbreviation Definition
AUC Area under the curve
BA Bat algorithm
BCW Breast cancer wisconsin
RF Random forest
DLH Dimension learning-based hunting
GA Genetic algorithm
GWO Grey wolf optimization
HFR Heart failure clinical records
MCC Microcalcification classification
PID Pima Indians diabetes
RF Random forest
WOA Whale optimization algorithm
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