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Abstract 

Urolithiasis, a condition characterized by the formation of stones in the urinary tract, is influenced by a confluence of factors, 

including genetic predispositions, dietary habits, and inadequate hydration. This condition can lead to urinary obstruction and 

pain, elevate the risk of infections, and, in severe cases, potentially impair kidney function. Early identification and prediction are 

crucial for preventing the formation of urinary stones and mitigating their consequent impacts. In this study, a machine learning 

model, named bTRWOA-SVM, was developed utilizing data from 1027 suspected patients at the First Affiliated Hospital of 

Wenzhou Medical University. This model synergizes the whale optimization algorithm (WOA) with the support vector machine 

(SVM) and introduces enhancements through the triangular topological search strategy and reflective learning operator to 

augment the search proficiency of the WOA, resulting in a variant termed TRWOA. Comparative analysis against a range of 

contemporaries using the CEC 2017 benchmark suite substantiated TRWOA's effective optimization capabilities and 

convergence precision. Furthermore, the constructed bTRWOA-SVM model, when applied to clinical data about urolithiasis, 

achieved a predictive accuracy of 98.830% and a specificity of 97.665%. Conclusively, the model also identified critical features 

influencing urolithiasis prediction, including urinary bilirubin, total protein, pH value, creatinine, and direct bilirubin, thereby 

providing a scientific basis for the early diagnosis and treatment of urolithiasis. 
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1. Introduction 

Urolithiasis is the most common disease in urology, and its 

incidence has been increasing globally in the past few decades 

[1, 2]. The first symptoms of urolithiasis are mainly sustained 

severe colic in the lower back and hematuria. If the patient is 

accompanied by a urinary obstruction, it may even damage 

the kidney function [3]. Therefore, rapid and accurate deter-

mination of the existence of calculi has important guiding 

significance for prevention and treatment [4]. Since computed 

tomography (CT) was first applied in urological diagnosis in 

1955 [5], it has become the gold standard for the diagnosis of 

suspected urinary calculi. Its advantage is that it not only 

accurately determines the location, size, and shape of the 

stone, but also analyzes the severity of urinary tract obstruc-

tion as well as other diseases of the urinary system [6]. 

Therefore, CT has been widely used in clinical diagnosis and 

treatment. However, it has some disadvantages, such as high 

cost and the possibility of cancer induced by excessive radia-

tion [7]. Moreover, the use of CT does not seem to improve 

the prognosis of patients with urolithiasis [8]. To optimize the 

clinical diagnosis ability and develop a patient-centered mul-

tidisciplinary collaborative diagnosis and treatment mode as 

the starting point, several clinical prediction tools have been 

developed. The STONE score proposed by Moore et al. [9] is 

one of the most representative ones. In the STONE score, five 

factors were found to be most predictive of ureteral stone: 

male sex, short duration of pain, race, presence of nausea or 

vomiting, and microscopic hematuria, which yield a score of 

0-13. 

Therefore, the development of an accurate diagnosis for 

urolithiasis is crucial for disease management and prognosis. 

With the rapid advancement of artificial intelligence tech-

nology, machine learning (ML) based diagnostic techniques 

have demonstrated immense potential in the medical domain. 

ML operates by analyzing complex patterns and issues 

through dynamic algorithms on pre-labeled datasets, subse-

quently generating useful predictive outputs, thus providing 

effective decision support for healthcare professionals. In the 

realm of urinary stone disease, numerous researchers have 

already established predictive models. Chen et al. [10] pro-

posed a predictive model for urolithiasis based on the decision 

tree, random forest (RandomF), model, extreme gradient 

boosting, and others. Results on the collected dataset of uro-

lithiasis patients indicated that the predictive model based on 

the RandomF model achieved the highest accuracy. Fur-

thermore, an analysis of significant features affecting the 

formation of infected stones (such as gender, urine leukocytes, 

and urine pH) was conducted based on this model. Haifler et 

al. [11] utilized XGBoost to develop a predictive model for 

urinary stones smaller than 5mm based on a dataset collected 

from 471 urinary stone patients. The model ultimately 

achieved an 80% prediction accuracy on the collected dataset. 

Lopez-Tiro et al. [12] compared the performance of six ML 

methods and three deep-learning methods for identifying 

urinary stone types. Experimental results demonstrated that 

the XGBoost classifier outperformed others, achieving a 96% 

accuracy rate. 

Moreover, Zheng et al. [13] constructed an infectious stone 

identification model using Fourier transform infrared spec-

troscopy and multivariate logistic regression analysis. Radi-

ological features were extracted from patient images using 

Fourier transform infrared spectroscopy, followed by logistic 

regression to construct the identification model. Experimental 

results on the dataset indicated that the model built in this 

study could serve as an effective tool for identifying urinary 

tract infection stones. Based on 252 collected urine stone 

samples, Li et al. [14] utilized ex vivo infrared spectroscopy 

for feature extraction and constructed a urine stone classifi-

cation decision model using multi-criteria weighted fusion. 

Chmiel et al. [15] established a stone composition prediction 

model using gradient boosting machines and logistic regres-

sion models, evaluating the model performance using kappa 

scores. Experimental results indicated that urea, blood uric 

acid, and carbonate were the three most influential predictive 

factors. Wu et al. [16], based on a dataset of 1168 urinary 

stone patients, employed five ML algorithms, including 

support vector machine (SVM), multilayer perceptron, deci-

sion tree, RandomF classifier, and adaptive boosting (Ada-

Boost) to construct predictive models for urolithiasis. These 

five predictive models all demonstrated good prediction ac-

curacy. 

Although many ML-based urinary stone prediction models 

have been proposed, in practical applications, medical data 

often contain noise and irrelevant features, which may effect 

the classification performance of the models. Therefore, in-

corporating feature selection (FS) into urinary stone predic-

tion can not only eliminate redundant features but also choose 

the most relevant features for interpretable diagnosis of the 

disease. FS methods can be classified into three types: 

wrapper-based, filter-based, and embedded methods. Among 

them, wrapper-based FS methods, which select features based 

on the evaluation metric of classifier performance, can obtain 

better feature subsets than the other two FS methods. How-

ever, when searching for feature subsets in a dataset with 

many features, this search process is often considered an 

NP-hard problem [17]. In recent years, many researchers have 

combined metaheuristic algorithms (MAS) with wrap-

per-based FS methods due to their powerful search capabili-

ties [18]. By integrating MAS with wrapper-based FS meth-

ods, MAS based FS method can effectively explore the search 

space and find the optimal feature subset within a reasonable 

amount of time, thereby efficiently reducing feature dimen-

sionality. 

Commonly used particle swarm optimization (PSO) [19], 

Harris hawks optimization (HHO) [20], slime mould algo-
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rithm (SMA) [21, 22], sine cosine algorithm (SCA) [23], 

colony predation algorithm (CPA) [24], rime optimization 

algorithm (RIME) [25], weighted mean of vectors (INFO) 

[26], Runge Kutta optimizer (RUN) [27], ant colony optimi-

zation (ACO) [28], etc. The whale optimization algorithm 

(WOA) [29] is a metaheuristic algorithm inspired by the 

foraging process of whales. Due to its simplicity and few 

parameters, WOA has been utilized in various disease pre-

diction models to achieve data dimensionality reduction. 

Atimbire et al. [30] proposed a heart disease risk prediction 

model using WOA for FS. Betshrine Rachel et al. [31] em-

ployed WOA for FS on extracted lung tissue texture and shape 

features, followed by classification using SVM. Experimental 

results demonstrated an accuracy of 88.94% for the proposed 

diagnostic model. Chatterjee et al. [32] introduced a variant of 

WOA based on an opposition-based learning strategy for FS 

on diabetes datasets. Govindamoorthi et al. [33] proposed a 

maximum likelihood swarm WOA for extracting critical 

features of atherosclerosis. Nadimi-Shahraki et al. [34] pro-

posed an enhanced variant of WOA to address the limitations 

of the original WOA and applied the proposed algorithm for 

optimal feature subset selection on medical disease datasets. 

Furthermore, Kundu et al. [35] presented a WOA variant 

based on the concept of altruism and performed FS on 

high-dimensional microarray datasets. Experimental results 

validated the effectiveness of the proposed method. Tair et al. 

[36] proposed an enhanced variant of WOA based on chaotic 

and oppositional-based learning strategy and applied the al-

gorithm for extracting critical features of diabetes and psori-

asis. Devi et al. [37] embedded mutation and crossover oper-

ations into the original WOA to improve its performance, and 

then used the proposed algorithm for FS on gene expression 

data. 

Although the WOA has been applied to FS for various 

diseases to improve the performance of subsequent disease 

diagnosis models, there has been limited research on using 

WOA for selecting critical features from urinary stone data. 

Therefore, this study aims to predict urinary stone formation 

based on a collected dataset using the SVM classifier, com-

bined with an FS algorithm based on the WOA, to assist 

doctors in making clinical decisions in the future. To enhance 

the optimization performance of the original WOA, the tri-

angulation topology search (TTS) strategy and the reflective 

learning operator (RLO) strategy inspired by the cooperative 

search algorithm are proposed. The TTS strategy improves 

the search efficiency of solutions by utilizing the conversion 

between polar and Cartesian coordinate systems. The RLO 

strategy maintains population diversity by promoting com-

munication and cooperation among population individuals, 

thus preventing the algorithm from falling into local optima. 

The WOA variant embedded with TTS and RLO strategies is 

named TRWOA. The effectiveness of the proposed strategies 

is validated on the CEC 2017 benchmark functions, and the 

performance of the proposed algorithm is further compared 

experimentally with 11 state-of-the-art (SOTA) algorithms to 

validate its performance. Subsequently, a wrapper-based FS 

model (bTRWOA-SVM) is proposed using the binary version 

of TRWOA (bTRWOA) and the SVM classifier for urinary 

stone data FS. bTRWOA-SVM is compared with other 

MAS-based FS methods and classical classifiers on the col-

lected urinary stone dataset. In summary, the main contribu-

tions of this study are as follows: 

1) The TTS strategy and RLO strategy are introduced into 

WOA to enhance the optimization capability of the 

original algorithm. 

2) The performance of TRWOA is validated using 29 CEC 

2017 benchmark functions and compared with existing 

methods. 

3) The FS capability of TRWOA is tested on the collected 

urinary stone dataset. 

4) Using the minimization of feature subset size and clas-

sification error rate as the objective function, bTR-

WOA-SVM is compared with existing methods on the 

urinary stone dataset. 

2. Materials and Methods 

2.1. Urolithiasis Dataset 

Table 1. List of the features used in this study and their definitions number. 

NO. Features Abbr. NO. Features Abbr. 

C1 Age / C19 Total cholesterol TC 

C2 Sex / C20 High-density lipoprotein cholesterol HDL-C 

C3 Hemoglobin Hb C21 Low-density lipoprotein cholesterol LDL-C 

C4 Absolute lymphocyte count ALC C22 PH value / 

C5 Absolute monocyte count AMC C23 Nitrite Nit 
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NO. Features Abbr. NO. Features Abbr. 

C6 Absolute neutrophil count ANC C24 Glucose Glu 

C7 Platelet count PLT C25 Specific gravity SG 

C8 Red blood cell count RBC C26 Protein qualitative Pro 

C9 White blood cell count WBC C27 Urobilinogen Ubg 

C10 Total bilirubin TBil C28 Bilirubin in urine Bil 

C11 Direct bilirubin DBil C29 Ketone bodies Ket 

C12 Total protein TP C30 Urinary leukocytes U-WBC 

C13 Albumin Alb C31 Casts / 

C14 Glucose Glu C32 Epithelial cell count ECC 

C15 Urea / C33 Red blood cells in urine RBC/u 

C16 Creatinine Cr C34 Pathological casts / 

C17 Uric acid UA C35 Crystals Cry 

C18 Triglycerides TG    

 

Our patients' data came from the First Affiliated Hospital of 

Wenzhou Medical University, which is a large general hos-

pital in a large city of more than nine million people. This 

retrospective study included a total of 1029 samples from 

2017 to 2022, which included 289 patients with urolithiasis 

and 740 patients without urolithiasis. Patients without uro-

lithiasis mean no previous history of urolithiasis and no ra-

diographic indication of the presence of urolithiasis. Patients 

with urolithiasis have clear imaging evidence. All patients are 

adults (>18 years) and patients without urinalysis or blood 

biochemistry tests are excluded. Clinical variables (sex, age), 

blood chemistry results, and routine urine test were collected 

for all included patients by 3 urologists through the hospital 

information system. The detail of the data is shown in Table 

1. 

All clinical examinations and data collection of patients 

were conducted in accordance with the Declaration of Hel-

sinki and approved by the Medical Ethics Committee of the 

First Affiliated Hospital of Wenzhou Medical University. 

2.2. Support Vector Machine 

When dealing with classification problems, the basic con-

cept behind SVM is to find a hyperplane that maximizes the 

margin between two classes [38]. However, the original SVM 

is only capable of solving some simple linear classification 

problems. To address more complex nonlinear classification 

problems, researchers have introduced the notion of kernel 

functions, which map samples from the original space to a 

higher-dimensional feature space [39]. This mapping renders 

the samples linearly separable in the higher-dimensional 

feature space. Commonly used kernel functions include linear 

kernel functions, polynomial kernel functions, and radial basis 

function (RBF) kernels. Among these, the RBF kernel pos-

sesses universal approximation capability and, by tuning 𝛾, 

can smoothly transition between nearly linear and highly 

nonlinear decision boundaries. Moreover, compared with the 

polynomial kernel, it entails a more parsimonious hyperpa-

rameterization. In this study, the SVM based on the RBF 

kernel is used to classify the data. The expression of the hy-

perplane is as follows: 

𝑥 = 𝑤𝑇𝐾(𝑥𝑖 , 𝑦𝑖) + 𝑏               (1) 

𝑤 = ∑ 𝛼𝑖𝑦𝑖
𝑛
𝑖=1 𝑥𝑖            (2) 

𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑒𝑥𝑝 (
−‖𝑥𝑖−𝑥𝑗‖

2

𝛾
)           (3) 

where 𝑥 denotes the input sample.𝑦  is the label 𝑤𝑇  is a 

weight vector, which is described as shown in Eq. (2). and 𝑏 

is a bias. 𝛼𝑖  is a Lagrangian multiplier. 𝛾 is a nuclear pa-

rameter. 

2.3. Whale Optimization Algorithm 

The WOA constitutes a meta-heuristic algorithm that em-

ulates the foraging behavior of humpback whales, introduced 

by Mirjalili and Lewis in the year 2016 [29]. This algorithm is 

predominantly employed in addressing optimization chal-

lenges, demonstrating its efficacy, particularly in the identi-

fication of global optima. The inspiration behind the algo-

rithm is rooted in the distinctive hunting strategy of humpback 

whales, especially their utilization of the bubble-net feeding 

technique during prey capture. The WOA process can be 
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broadly categorized into three phases: the encircling prey, the 

spiral updating, and the search for prey phase, with specific 

formulas presented in Table 2. For a comprehensive exposi-

tion of the WOA procedure, one is advised to refer to Liter-

ature [29]. 

Table 2. Specific formulas in WOA. 

Process Formulas No. 

Encircling prey phase 

𝑋(𝑡 + 1) = 𝑋𝑏𝑒𝑠𝑡 − 𝐴 × 𝐷  (4) 

𝐷 = |𝐶 ⋅ 𝑋𝑏𝑒𝑠𝑡 − 𝑋(𝑡)|  (5) 

𝐴 = 2 ⋅ 𝑎 ⋅ 𝑟 − 𝑎  (6) 

𝐶 = 2 ⋅ 𝑟  (7) 

Spiral updating phase 

𝑋(𝑡 + 1) = 𝐷′ ⋅ 𝑒𝑓𝑙 ⋅ 𝑐𝑜𝑠(2𝜋𝑙) + 𝑋𝑏𝑒𝑠𝑡   (8) 

𝐷′ = |𝑋𝑏𝑒𝑠𝑡 − 𝑋(𝑡)|  (9) 

𝑋(𝑡 + 1) = {
𝑋𝑏𝑒𝑠𝑡 − 𝐴 × 𝐷, 𝑝 < 0.5

𝐷′ ⋅ 𝑒𝑓𝑙 ⋅ 𝑐𝑜𝑠(2𝜋𝑙) + 𝑋𝑏𝑒𝑠𝑡 , otherwise
  (10) 

Search for prey phase 

𝑋(𝑡 + 1) = 𝑋𝑟𝑎𝑛𝑑 − 𝐴 × 𝐷  (11) 

𝐷 = |𝐶 ⋅ 𝑋𝑟𝑎𝑛𝑑 − 𝑋(𝑡)|  (12) 

 

2.4. Proposed Algorithm and Model 

2.4.1. Proposed TRWOA Algorithm 

The pseudocode for the TRWOA is delineated in Algo-

rithm 1. Within the framework of the proposed TRWOA, the 

whale population is initially instantiated through a random 

initialization process. Subsequently, the optimization of in-

dividuals within the current evaluation cycle is facilitated by 

the assessment of fitness values, followed by an update to 

these values. During position updating, the TTC enables each 

whale to interact with multiple neighbors rather than a single 

leader, which enhances local search ability and prevents 

premature convergence. Afterward, the RLO generates mir-

rored candidate solutions across the search space, improving 

global exploration and reducing the risk of being trapped in 

local optima. 

The computational complexity of the TRWOA algorithm is 

represented by the notation 𝑂(𝑇𝑅𝑊𝑂𝐴). This quantification 

is predicated upon the amalgamation of three principal com-

putational constituents, namely 𝑂(𝑊𝑂𝐴) , 𝑂(𝑇𝑇𝐶) , and 

𝑂(𝑅𝐿𝑂). Within this framework, the complexity of O(WOA) 

is defined by the formula 𝑂(𝑀𝑎𝑥𝐹𝐸𝑠 × 𝑁 × 𝐷 +

2 × 𝑁 × 𝐷) , which incorporates the maximum number of 

function evaluations (MaxFEs), the population size (N), and 

the dimensionality of the problem space (D). Furthermore, the 

complexities associated with 𝑂(𝑇𝑇𝐶) and 𝑂(𝑅𝐿𝑂) are re-

spectively articulated through the expressions 𝑂(𝑀𝑎𝑥𝐹𝐸𝑠 ×

𝑁 × 𝐷𝑖𝑚). Consequently, the comprehensive computational 

complexity of the TRWOA algorithm is encapsulated by the 

expression 𝑂(𝑀𝑎𝑥𝐹𝐸𝑠 × 𝑁 × (𝑁 + 2𝐷𝑖𝑚) + 𝑁 × 𝐷𝑖𝑚). 

Algorithm 1: TRWOA framework. 

Input:  𝐷: the dimensionality of the problem; 

𝑁: population size; 

𝑢𝑏: Search the upper boundary of space; 

𝑙𝑏: Search the lower boundary of space; 

𝑀𝑎𝑥𝐹𝐸𝑠: maximum number of evaluations; 

Output: optimal individual 𝑋𝑏  and its fitness value 𝑓 (𝑋𝑏 ). 

Parameter settings including 𝐹𝐸𝑠 and 𝑀𝑎𝑥𝐹𝐸𝑠; 

Initialize the population 𝑋 and calculate the fitness value 𝐹𝑖𝑡; 

𝐹𝐸𝑠 ← 𝐹𝐸𝑠 + 𝑁; 

while 𝐹𝐸𝑠 ≤ 𝑀𝑎𝑥𝐹𝐸𝑠 do 

Sorted in ascending order by fitness value 𝐹𝑖𝑡; 

Update  𝑋𝑏  and 𝑓 (𝑋𝑏 ); 
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for  𝑖 = 1  to 𝑁 do 

Generate new members 𝑋𝑖 using Eq. (10) by WOA; 

Calculate the fitness value 𝑓 (𝑋𝑖) for 𝑋𝑖; 

if 𝑓 (𝑋𝑖) < 𝐹𝑖𝑡𝑖 

Update individual 𝑋𝑖 and its fitness 𝐹𝑖𝑡𝑖; 

end if 

# Triangular topological search strategy 

if 𝑟𝑎𝑛𝑑 < 0.5 

Generate new members 𝑋𝜇, 𝑋𝜈, and 𝑋𝜓 using Eqs. (13)-(15) by TTC strategy; 

Calculate the fitness values for 𝑋𝜇, 𝑋𝜈, and 𝑋𝜓; 

[𝐹𝑖𝑡𝑖, index] ← min(𝑓 (𝑋𝜇), 𝑓 (𝑋𝜈), 𝑓 (𝑋𝜓), 𝐹𝑖𝑡𝑖); 

Update individual 𝑋𝑖; 

end if 

end for 

# Reflective learning operator 

for  𝑖 = 1  to 𝑁 do 

Generate new individual 𝑋𝑅𝐿𝑂 using Eq. (18) by RLO; 

Calculate the fitness value 𝑓 (𝑋𝑅𝐿𝑂) for 𝑋𝑅𝐿𝑂; 

if  𝑓 (𝑋𝑅𝐿𝑂) < 𝐹𝑖𝑡𝑖 

Update individual 𝑋𝑖 and its fitness 𝐹𝑖𝑡𝑖; 

end if 

end for 

Update to the current position of the 𝑋𝑏  and its fitness value 𝑓 (𝑋𝑏 ); 

end while 

return 𝑋𝑏  and 𝑓 (𝑋𝑏 ). 

 

2.4.2. Triangular Topological Search Strategy 

In the resolution of optimization problems, the adoption of 

efficient search strategies emerges as quintessentially critical. 

The TTS strategy exemplifies an innovative approach by 

integrating the transformation between polar and Cartesian 

coordinate systems, thereby enhancing the efficacy and pre-

cision of the search process [40]. Within the spherical coor-

dinate system, the commencement of the search is instantiated 

by the current search agent, denoted as the initial vertex 𝑋𝑖. 

This point, serving as the genesis of the search endeavor, 

underpins subsequent transformations. Following this, the 

application of trigonometric function transformations facili-

tates the conversion of positions within the spherical coordi-

nate system to their corresponding points in the Cartesian 

coordinate system. This operation yields a new directional 

vector with a magnitude of 𝑙 ∙ 𝜓 , where 𝑙  represents the 

original vector's length and 𝜓  embodies a magnification 

factor designed to adjust the vector's magnitude. The terminus 

of this vector, identified as the second vertex and marked as 

𝑋𝜇, delineates a pivotal step in the search trajectory. 

Further, to encompass a broader expanse within the solu-

tion space, the generated directional vector undergoes a 

counterclockwise rotation of 𝜋/3. This rotation is executed 

based on the original vector 𝑋𝜇. After the rotation, a trans-

formation back into the coordinate system yields the third 

vertex, denoted as 𝑋𝜈. This procedure not only amplifies the 

coverage of the search space but also enhances the diversity 

within the search process by leveraging geometric relation-

ships. 

Lastly, by conducting a linear weighting within the en-

semble of vertices (𝑋𝑖, 𝑋𝜇, and 𝑋𝜈), a fourth vertex, denoted 

as 𝑋𝜓 , is constituted. This step is achieved through the 

computation of a weighted average of the preceding three 

vertices, to probe potential solutions within the triangular 

domain formed by these vertices. This methodology ensures 

that the search process is not solely fixated on the peripheries 

of the solution space but also delves into its internal regions, 

thereby potentially uncovering superior solutions. 

The expression for the generation of vertices (𝑋𝜇, 𝑋𝜈, and 

𝑋𝜓) is articulated as follows: 

𝑋𝜇 = 𝑋𝑖 + 𝑙 ∙ 𝜓(𝜃⃗)              (13) 

𝑋𝜈 = 𝑋𝑖 + 𝑙 ∙ 𝜓(𝜃⃗ + 𝜋/3)           (14) 

𝑋𝜓 = 𝑟1 ∙ 𝑋𝑖 + 𝑟2 ∙ 𝑋𝜇 + 𝑟3 ∙ 𝑋𝜈          (15) 

within this framework, 𝑙  governs the search radius of the 

current search agent 𝑋𝑖 , where 𝑙 = 9 ∙ 𝑒−𝐹𝐸𝑠/𝑀𝑎𝑥𝐹𝐸𝑠 . Here, 

𝐹𝐸𝑠  denotes the current number of evaluations, and 

𝑀𝑎𝑥𝐹𝐸𝑠 signifies the maximum number of evaluations. The 
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parameter 𝑙  diminishes as the number of evaluations in-

creases. Moreover, 𝜓(𝜃⃗)  and 𝜓(𝜃 + 𝜋/3)  represent the 

directional vectors of the other two edges guided by the cur-

rent search agent 𝑋𝑖 , with their expressions delineated as 

follows: 

𝜓(𝜃⃗) = [𝑐𝑜𝑠 𝜃1, 𝑐𝑜𝑠 𝜃2, ⋯ ,  𝑐𝑜𝑠 𝜃𝐷]                                (16) 

𝜓(𝜃⃗ + 𝜋/3) = [𝑐𝑜𝑠(𝜃1 + 𝜋/3), 𝑐𝑜𝑠(𝜃2 + 𝜋/3), ⋯ ,  𝑐𝑜𝑠(𝜃𝐷 + 𝜋/3)]                    (17) 

 

where 𝜃⃗ = [𝜃1, 𝜃2, ⋯ , 𝜃𝐷] , and 𝜃𝑗 ∈ 𝜃⃗  denotes a random 

number within the value range of [0, 𝜋]. Moreover, 𝐷 signi-

fies the dimensionality of the search space. 

2.4.3. Reflective Learning Operator 

The concept of the RLO is derived from the cooperative 

search algorithm [41], which enhances search efficiency and 

the quality of solutions through mutual aid and cooperation 

among populations. Regarding the WOA, although its inspi-

ration originates from the hunting behaviors of humpback 

whales in nature and has demonstrated its superior perfor-

mance across numerous optimization challenges, its effi-

ciency and effectiveness encounter obstacles when addressing 

highly complex optimization problems. Specifically, WOA 

exhibits certain limitations in averting premature convergence 

and in maintaining diversity within the search population. 

RLO, by integrating an experience-based learning mecha-

nism, synthesizes its experiences in the opposite direction, 

thereby acquiring new knowledge. This experience-based 

learning mechanism enables the WOA to autonomously ad-

just its search way, achieving a more optimal balance between 

exploring uncharted territories and exploiting known infor-

mation. Through this methodology, RLO significantly re-

duces the risk of premature convergence of the algorithm, 

while simultaneously fostering information exchange and 

experience sharing within the population. RLO effectively 

maintains the diversity of the population, thereby enhancing 

the global search capabilities of the algorithm. Its mathemat-

ical model is as follows: 

𝑋𝑅𝐿𝑂
𝑗

= {
𝑞𝑗 , if  𝑋𝑖

𝑗
≥ 𝑐𝑗

𝑝𝑗 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                      (18) 

𝑞𝑗 = {
𝜙(𝑢𝑏𝑗 + 𝑙𝑏𝑗 − 𝑋𝑖

𝑗
, 𝑐𝑗), if  |𝑋𝑖

𝑗
− 𝑐𝑗| < 𝜙(0, 1) ∙ (𝑢𝑏𝑗 − 𝑙𝑏𝑗)

𝜙(𝑙𝑏𝑗 , 𝑢𝑏𝑗 + 𝑙𝑏𝑗 − 𝑋𝑖
𝑗
), otherwise

                      (19) 

𝑝𝑗 = {
𝜙(𝑐𝑗 , 𝑢𝑏𝑗 + 𝑙𝑏𝑗 − 𝑋𝑖

𝑗
), if  |𝑋𝑖

𝑗
− 𝑐𝑗| < 𝜙(0, 1) ∙ (𝑢𝑏𝑗 − 𝑙𝑏𝑗)

𝜙(𝑢𝑏𝑗 + 𝑙𝑏𝑗 − 𝑋𝑖
𝑗
, 𝑢𝑏𝑗), otherwise

                      (20) 

𝑐𝑗 = (𝑢𝑏𝑗 + 𝑙𝑏𝑗)/2                                        (21) 

where 𝑋𝑅𝐿𝑂
𝑗

 represents the 𝑗𝑡ℎ dimension of the newly gen-

erated solution through reflection upon 𝑋𝑖
𝑗
, where 𝑋𝑖

𝑗
 de-

notes the 𝑗𝑡ℎ dimension of the current search agent. 𝑢𝑏𝑗 and 

𝑙𝑏𝑗  respectively signify the upper and lower bounds of the 

search space in the 𝑗𝑡ℎ  dimension. 𝜙(𝐿, 𝑈)  is a function 

employed to generate a random number uniformly distributed 

within the [𝐿, 𝑈]. 

2.5. Proposed bTRWOA-SVM Model 

2.5.1. The Framework of bTRWOA-SVM 

Figure 1 illustrates the flowchart of the proposed bTR-

WOA-SVM model. To better evaluate the performance of 

the proposed model and reduce the risk of overfitting, 

ten-fold cross-validation is employed to train the model. This 

involves partitioning the given dataset into ten equally sized 

subsets, with nine subsets used as training data and one sub-

set as validation data. During the feature subset search pro-

cess, bTRWOA is utilized to search for the optimal feature 

subset. The model is trained based on the searched feature 

subset and SVM classification. Subsequently, the quality of 

the feature subset is evaluated using an adaptive function 

based on the number of features and the classification accu-

racy of the model. A greedy selection strategy is then em-

ployed to choose the current optimal feature subset, ulti-

mately outputting the optimal feature subset. After finding 

the optimal feature subset, the performance of the classifica-

tion model is evaluated using the validation set based on the 

optimal feature subset and the SVM classifier. This process 

is repeated ten times, and the average of the ten evaluation 

results is used as the performance metric of the model to 

more accurately assess its generalization ability. 
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Figure 1. Flowchart of the bTRWOA-SVM model. 

2.5.2. Transfer Function 

The proposed TRWOA in Section 3.1 is suitable for con-

tinuous space, while FS operates in a discrete space where “1” 

indicates the current feature is selected and “0” indicates the 

current feature is not selected. Therefore, a transfer function 

(TF) is required to map the position of the search individual 

to binary space. For the current search agent 𝑋𝑖, the TF as 

described in Eq. (23) is used to map its position to binary 

form 𝑏𝑋𝑖. 

𝑏𝑋𝑖 = {
1 𝑆(𝑋𝑖) >  𝑟𝑎𝑛𝑑 

0 otherwise 
            (22) 

𝑆(𝑥) =
1

1+𝑒−2𝑥                 (23) 

where 𝑟𝑎𝑛𝑑 is a random number within the range [0,1]. 

2.5.3. Fitness Function 

During the process of using bTRWOA to search for the 

optimal feature subset, a fitness function is required to eval-

uate the quality of the currently selected feature subset. 

Minimizing the number of selected features (𝐹𝑛) and max-

imizing the classification accuracy (𝐴𝑐𝑐 ) are the two key 

objectives in FS problems. Therefore, to simultaneously sat-

isfy these two objectives, this stud adopts Eq. (24) as the 

fitness function. 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝛼 × (1 − 𝐴𝑐𝑐) + 𝛽 ×
|𝐹𝑛|

|𝑁|
        (24) 

where 𝛼 and 𝛽 are two control parameters, with values set to 

0.99 and 0.01 respectively. 
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3. Results 

3.1. Experiments on Benchmark Functions 

3.1.1. Benchmarks Validation 

Table 3. The parameter setting of comparison algorithms. 

Algorithm Reference Parameter information 

TRWOA Presented 𝑏 = 1; 𝑝 = [0,1] 

CGPSO [42] 1 = 𝑐2 = 2; 𝑊_𝑚𝑎𝑥 = 0.9; 𝑊_𝑚𝑖𝑛 = 0; 𝑊_𝑚𝑖𝑛 = 0.2; 𝑉_𝑚𝑎𝑥 = 6 

ASCA-PSO [43] 𝑉𝑚𝑎𝑥 = 6; 𝑤𝑀𝑎𝑥 = 0.9; 𝑤𝑀𝑖𝑛 = 0.2; 𝑐1 = 2; 𝑐2 = 2 

ALGSA [44] 𝑝 = 0.5;  𝑙𝑖𝑚𝑖𝑡 = 2 

CCMWOA [45] 𝑚 =  1500 

CDLOBA [46] 𝑄𝑚𝑖𝑛 = 0;  𝑄𝑚𝑎𝑥 = 2 

SCADE [47] 𝑏𝑒𝑡𝑎_𝑚𝑖𝑛 = 0.2;  𝑏𝑒𝑡𝑎_𝑚𝑎𝑥 = 0.8;  𝑃𝑐𝑟 = 0.8 

BMWOA [48] 𝑏 = 1;  𝑝 = [0,1] 

CGSCA [49] 𝑎 = 2;  𝑑𝑒𝑙𝑡𝑎 = 0.1 

ISNMWOA [50] 𝑎1 = [0,2]; 𝑎2 = [−2, −1]; 𝑎𝑙𝑝ℎ𝑎 =  0.5 

RCBA [51] 𝑄𝑚𝑖𝑛 = 0;  𝑄𝑚𝑎𝑥 = 2 

MWOA [52] 𝑝 = [0,1];  𝑝2 = [0,1] 

 

To validate the performance of the proposed TRWOA, it 

is tested using the CEC 2017 benchmark functions [53]. The 

CEC 2017 benchmark functions comprise four different 

types of functions: unimodal, multimodal, hybrid, and com-

position functions, providing a comprehensive assessment of 

algorithm performance. Additionally, 11 SOTA algorithms 

are selected for performance comparison with TRWOA. Ta-

ble 3 lists the parameter settings for the proposed TRWOA 

and other algorithms. To ensure experimental fairness and 

effectiveness, the population size, maximum evaluation 

times, and test problem dimensions for all algorithms are set 

to 30, 30× 104, and 30, respectively. Furthermore, all algo-

rithms are independently run 30 times, and the average fit-

ness value (Avg) and standard deviation (Std) of these 30 

runs are calculated to rank algorithm performance. Addition-

ally, the Wilcoxon signed-rank test (WST) [54], and Fried-

man test (FRT) [55], and the Bonferroni post-hoc test (BP) 

[56] are conducted for significance analysis of the experi-

mental results. 

3.1.2. Ablation Study 

To validate the effectiveness of the TTS and RLO strate-

gies and their impact on algorithm performance, variants 

corresponding to these two strategies (TTSWOA and 

RLOWOA) are designed using sensitivity analysis. Compar-

ative experiments are conducted among TRWOA, TTSWOA, 

RLOWOA, and WOA using the CEC 2017 test functions. 

The Avg and Std results are presented in Supplementary 

Material S1, where the optimal results are highlighted in bold. 

From the results in the table, it can be observed that both 

TTSWOA and RLOWOA outperform the original WOA on 

the benchmark functions, indicating that the TTS and RLO 

strategies enhance the optimization capability of the original 

WOA to some extent. The TRWOA algorithm, which com-

bines the TTS and RLO strategies, ultimately achieves the 

smallest Avg on 15 benchmark functions and the second 

smallest Avg on 13 benchmark functions, suggesting that the 

combination of TTS and RLO strategies can better enhance 

the optimization capability of the original WOA. Table 4 

illustrates the final average rankings of each algorithm, 

where a smaller ranking indicates better performance. 

TRWOA achieves the best average ranking of 1.52, ranking 

first. TTSWOA and RLOWOA achieve average rankings of 

2.34 and 2.55, respectively, ranking second and third, indi-

cating that the contributions of the TTS and RLO strategies 

to TRWOA are significant. The original WOA ranks last. 

Table 5 presents the WST results for these four algorithms. 

In the table, “+”, “-”, and “=” represent TRWOA's perfor-
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mance being better than, worse than, and similar to the com-

parison algorithms on the current benchmark function, re-

spectively. The last row of the table, “S+/S-/S=”, summariz-

es the number of test functions that TRWOA is better than, 

worse than, and similar to the comparison algorithms across 

all benchmark functions. From Table 6, it can be observed 

that for most test functions, TRWOA's optimization perfor-

mance is significantly better than that of WOA. Compared to 

TTSWOA and RLOWOA, TRWOA's performance is signif-

icantly superior on 11 and 16 test functions, respectively. In 

summary, both TTS and RLO strategies contribute to im-

proving the performance of WOA from different perspec-

tives, and the performance improvement of TRWOA, which 

combines TTS and RLO, is the most significant. 

Figure 2 presents the average ranking results of FRT for 

TRWOA and the other three algorithms. The curves in the 

figure indicate that the proposed TRWOA achieves the 

smallest average ranking value. TTSWOA and RLOWOA 

are positioned second and third, respectively, reaffirming the 

effectiveness of the TTS and RLO strategies. 

To visually analyze the convergence ability of the pro-

posed algorithms, Figure 3 and Figure 4 respectively depict 

the convergence curves and corresponding violin plots of 

these four algorithms on six test functions. Observing Figure 

3, it can be noted that TRWOA exhibits the fastest conver-

gence speed and highest convergence accuracy compared to 

TTSWOA, RLOWOA, and WOA, indicating the effective-

ness of the TTS and RLO strategies in significantly improv-

ing the algorithm's convergence speed and performance. Fig-

ure 4 illustrates the distribution of the best fitness values ob-

tained by the algorithms in 30 independent experimental runs. 

In the violin plot, the solid dot in the middle represents the 

mean of the data. The width of the plot indicates the density 

of the data at that position, with wider widths indicating 

denser data points. The ends of the violin plot represent the 

extremes of the data, and the extended lines denote the range 

of the data. The results in the figure indicate that TRWOA 

achieves higher distribution results compared to TTSWOA, 

RLOWOA, and WOA in most instances, demonstrating the 

superior stability of TRWOA. In summary, the TTS and 

RLO strategies effectively enhance the convergence speed 

and accuracy of the original WOA. 

Table 4. The average rank of TRWOA, TTSWOA, RLOWOA, and WOA is based on Avg and Std. “Mean Rank” means the average rank based 

on the Avg and Std results. “Rank” means the final rank results. 

Algorithm Mean Rank Rank 

TRWOA 1.52 1 

TTSWOA 2.34 2 

RLOWOA 2.55 3 

WOA 3.59 4 

Table 5. WST results of TRWOA, TTSWOA, RLOWOA, and WOA based on Avg and Std. “+”, “-”, and “=” represent TRWOA's performance 

being better than, worse than, and similar to the comparison algorithms on the current test function, respectively. “S+/S-/S=” is the total 

number of test functions that TRWOA is better than, worse than, and similar to the comparison algorithms across all benchmark functions. 

 TTSWOA RLOWOA WOA 

F1 3.06500E-04 - 6.14315E-01 = 1.73440E-06 + 

F2 6.83586E-03 - 1.73440E-06 + 1.73440E-06 + 

F3 8.29013E-01 = 3.40526E-05 + 1.36011E-05 + 

F4 4.86026E-05 + 1.20445E-01 = 1.05695E-04 + 

F5 4.86026E-05 + 5.17048E-01 = 1.73440E-06 + 

F6 3.93334E-01 = 1.92092E-06 + 1.73440E-06 + 

F7 3.06500E-04 + 2.05888E-01 = 3.37885E-03 + 

F8 3.58884E-04 + 7.97098E-01 = 6.98378E-06 + 

F9 7.49871E-01 = 1.03568E-03 + 6.42421E-03 + 

F10 6.42421E-03 + 1.35908E-01 = 1.73440E-06 + 
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 TTSWOA RLOWOA WOA 

F11 5.03833E-01 = 4.28430E-01 = 1.73440E-06 + 

F12 5.19307E-02 = 1.04444E-02 + 1.73440E-06 + 

F13 1.52861E-01 = 8.46608E-06 + 1.92092E-06 + 

F14 9.75387E-01 = 2.71155E-01 = 2.35342E-06 + 

F15 3.16034E-02 + 1.04444E-02 + 4.07151E-05 + 

F16 3.06500E-04 + 1.75184E-02 + 7.51366E-05 + 

F17 6.87136E-02 = 4.90798E-01 = 9.31566E-06 + 

F18 3.28571E-01 = 4.52807E-01 = 1.73440E-06 + 

F19 5.44625E-02 = 6.88359E-01 = 3.60943E-03 + 

F20 3.31726E-04 + 3.00099E-02 + 2.84342E-05 + 

F21 5.31968E-03 + 4.11403E-03 + 5.70644E-04 + 

F22 3.85424E-03 + 1.10792E-02 + 8.58958E-02 = 

F23 2.45190E-01 = 6.88359E-01 = 4.77947E-01 = 

F24 2.70292E-02 - 4.38962E-03 + 6.31976E-05 + 

F25 8.93644E-01 = 8.30707E-04 + 4.07023E-02 + 

F26 1.98610E-01 = 2.61343E-04 + 3.49346E-01 = 

F27 3.28571E-01 = 9.31566E-06 + 1.73440E-06 + 

F28 1.60464E-04 + 4.11403E-03 + 1.14992E-04 + 

F29 5.03833E-01 = 1.30592E-01 = 1.73440E-06 + 

S+/S-/S= 11/3/15 16/0/13 26/0/3 

 
Figure 2. FRT average rank of TRWOA, TTSWOA, RLOWOA, and WOA. 
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Figure 3. Convergence curves of TRWOA, TTSWOA, RLOWOA, and WOA. 

 
Figure 4. Violin plot of TRWOA, TTSWOA, RLOWOA, and WOA. 
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Figure 5. Qualitative analysis of TRWOA on four test functions. 

3.1.3. Qualitative Analysis of TRWOA 

This section discusses the qualitative results of TRWOA in 

handling different test functions. Figure 5 presents four indi-

cators: the search space of different test functions, search 

history, trajectory curves, and average fitness values. 

The first column plots three-dimensional illustrations of F5, 

F8, F20, and F21, revealing that the surfaces of these four 

functions are uneven and have multiple local optima, thereby 

better validating the optimization capability of the proposed 

algorithm. From the trajectory curves in Figure 5, it can be 

observed that TRWOA experiences oscillations of varying 

amplitudes during the initial stages of seeking the optimal 

solution, which gradually diminish in the later iterations, 

eventually converging to the optimal position. Considering 

the search history in the second column, it can be noticed that 

the majority of black dots representing search individuals are 

clustered around the red dot representing the optimal solution, 

with only a small fraction of black dots being distant from the 

red dot. This demonstrates the robust search capability of 

TRWOA. Furthermore, observing the average fitness results 

in the third column, the variation of TRWOA throughout the 

entire iteration process demonstrates the positive impact of 

adopting the TTS and RLO strategies on fitness. These two 

strategies assist the algorithm in rapidly converging toward 

the vicinity of the optimal solution, thus exhibiting rapid 

descent in the early iterations. 

3.1.4. Comparison Experiments with SOTA 

In this section, TRWOA is compared with the SOTA al-

gorithms on the CEC 2017 benchmark functions. Supple-

mentary Material S2 provides the best results obtained by 

each algorithm on each function. From the data in the table, it 

is evident that TRWOA achieves better results than the 

comparison algorithms for most functions. TRWOA obtains 

the top-ranking results on functions F4, F7, F9, F10, F12, F15, 

and F19, and secures the second-best results on functions F5, 

F6, F8, F14, F16, F17, F20, and F29. 
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Table 6. The average rank of TRWOA and SOTA algorithms based on Avg and Std. “Mean Rank” means the average rank based on the Avg 

and Std results. “Rank” means the final rank results. 

Algorithm Mean Rank Rank 

TRWOA 3.00 1 

ASCA-PSO 4.17 3 

CGPSO 3.86 2 

ISNMWOA 4.83 4 

SCADE 8.34 10 

CCMWOA 9.07 11 

CDLOBA 6.97 9 

BMWOA 6.07 6 

CGSCA 6.86 7 

RCBA 6.03 5 

ALGSA 6.90 8 

MWOA 11.90 12 

Table 7. WST result and FRT average rank of TRWOA and SOTA algorithms. “S+/S-/S=” is the total number of test functions that TRWOA is 

better than, worse than, and similar to the comparison algorithms across all benchmark functions. 

Algorithm 
WST 

S+/S-/S= 
FRT 

TRWOA \ 3.52 1 

ASCA-PSO 13/6/10 4.47 2 

CGPSO 17/6/6 4.65 4 

ISNMWOA 13/10/6 4.62 3 

SCADE 26/1/2 8.45 10 

CCMWOA 29/0/0 8.89 11 

CDLOBA 22/3/4 6.44 8 

BMWOA 24/2/3 6.32 7 

CGSCA 24/2/3 7.33 9 

RCBA 17/6/6 5.86 5 

ALGSA 19/5/5 6.24 6 

MWOA 29/0/0 11.21 12 

 

Table 6 records the final average ranking results for these 

12 algorithms. Compared to the other comparison algorithms, 

TRWOA effectively enhances the optimization performance 

of the algorithm by incorporating the TTS and RLO strategies. 

Therefore, TRWOA ultimately ranks first with an average 

ranking of 3.00. CGPSO and ASCA-PSO closely follow. The 

optimization performance of CCMWOA and MWOA is 

comparatively weaker among these algorithms. 

Table 7 records the results obtained by TRWOA and the 

SOTA algorithms in terms of the WST and the average 

ranking results obtained by the FRT. From the table, it can be 

observed that TRWOA achieves effective and significant 

results on most test functions. The performance of TRWOA is 

significantly better than MWOA and CCMWOA on all test 
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functions. Additionally, TRWOA significantly outperforms 

SCADE, BMWOA, CDLOBA, CGSCA, and ALGSA on 26, 

24, 22, 24, and 19 test functions, respectively. It is worth 

noting that the optimization performance of ASCA-PSO and 

ISNMWOA is comparable to that of the proposed TRWOA. 

TRWOA significantly outperforms ASCA-PSO and 

ISNMWOA on only 13 test functions, and its performance is 

significantly weaker than ASCA-PSO and ISNMWOA on 6 

and 10 functions, respectively. Supplementary Material S3 

presents the p-value results obtained by TRWOA and the 

comparison algorithms in the WST. The p-values for most test 

functions in the table are less than 0.05, indicating significant 

differences in performance between TRWOA and the com-

parison algorithms on most test functions. 

On the other hand, the average ranking results obtained 

from the FRT in Table 7 once again demonstrate that the 

performance of the proposed TRWOA surpasses that of the 

comparison algorithms, with an FRT average ranking of 3.52, 

ranking first. Based on the FRT results, a BP test is conducted. 

The BP test helps control the type I error rate and determines 

whether there are significant differences between the pro-

posed algorithm and the comparison algorithms based on the 

corrected significance level. Figure 6 illustrates the BP results 

with significance levels of 0.05 and 0.1. The solid and dashed 

lines represent the threshold lines for significance levels of 

0.05 and 0.1, respectively. If the FRT average ranking of a 

comparison algorithm exceeds the threshold, it indicates that 

there is a significant difference in performance between 

TRWOA and that particular comparison algorithm at the 

given significance level. The results in the figure indicate that 

at both significance levels, there are significant differences in 

performance between TRWOA and SCADE, CCMWOA, 

CDLOBA, BMWOA, CGSCA, ALGSA, and MWOA, while 

no significant differences exist between TRWOA and the 

other comparison algorithms. 

Figure 7 and Figure 8, respectively, illustrate the conver-

gence curves and corresponding violin plots of the TRWOA 

and SOTA algorithms across six test functions. From Figure 7, 

it is evident that TRWOA performs well on these six test 

functions, exhibiting fast convergence speed and high con-

vergence accuracy. The violin plots depicted in Figure 8 in-

dicate that TRWOA possesses better stability. In summary, 

the proposed TRWOA in this study demonstrates strong 

competitiveness in terms of optimization performance. 

 
Figure 6. BP results of TRWOA and SOTA algorithms. The solid and dashed lines represent the threshold lines for significance levels of 0.05 

and 0.1, respectively. 
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Figure 7. Convergence curves of TRWOA and SOTA algorithms. 

 

Figure 8. Violin plots of TRWOA and SOTA algorithms. 
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3.2. Urolithiasis Classification Prediction 

Experiments 

3.2.1. Experiment Setup 

This portion of the study focuses on evaluating the effec-

tiveness of the bTRWOA-SVM model in the prediction of 

urolithiasis. The urolithiasis dataset, upon which this study is 

predicated, has been thoroughly described in section 2.1. To 

comprehensively evaluate the model's performance, six 

widely recognized performance metrics were employed: ac-

curacy, specificity, sensitivity, precision, the Matthews cor-

relation coefficient (MCC), and the F-measure [57, 58]. 

The bTRWOA-SVM model under examination was ini-

tially contrasted with a variety of both traditional and modern 

machine learning models, including AdaBoost, RandomF, 

fuzzy k-nearest neighbors (FKNN), classification and regres-

sion trees (CART), SVM, k-nearest neighbors (KNN), and 

backpropagation neural network (BP), all of which were 

configured using their default parameter settings. Furthermore, 

comparisons were made with recently proposed FS algorithms, 

encompassing bHHOSRL [59], PbGSK_V4 [60], and 

bRFACO [61], as well as with classic FS algorithms such as 

bACO [28], bABC [62], bRIME [25], and bWOA [63]. All 

these FS algorithms were integrated with an SVM classifier to 

evaluate the performance of the selected feature subsets, 

adopting parameter settings as recommended in the original 

publications. 

To ensure the experiments were both fair and standardized, 

the experimental design adhered to strictly defined guidelines. 

The population size for the FS algorithms was uniformly set at 

20, with their dimensions determined by the number of fea-

tures in the urolithiasis dataset, and the number of iterations 

for the experiments was fixed at 50. Considering the potential 

impact of experimental randomness on result accuracy, this 

study conducted ten independent experimental runs to en-

hance the reproducibility of the results and to mitigate the 

effects of random errors. 

 

3.2.2. Comparison of Different Transformation 

Functions 

Recent research has illuminated the central role TFs play in 

augmenting the classification efficacy of models, a relevance 

extending from gene selection [64] to the prediction of dis-

eases [65, 66]. Consequently, this study aims to individually 

evaluate the integration of various TFs with the bTR-

WOA-SVM model to ascertain the TF most conducive to the 

accurate prediction of urolithiasis. 

Figure 9 presents a histogram of average errors for the 

bTRWOA-SVM model's predictions of urolithiasis under 

different TFs. Overall, the combination of all evaluated TFs 

with the bTRWOA-SVM model achieves an accuracy ex-

ceeding 95% in predicting urolithiasis. Among these, the 

S3-type TF exhibits relatively inferior performance in terms 

of sensitivity, while the S2 falls slightly short on other eval-

uation metrics. Notably, the integration of S1-type TF with 

the bTRWOA-SVM model demonstrates superior perfor-

mance in predicting urolithiasis compared to other TFs. 

More detailed outcomes are presented in Table 8, which 

offers a quantitative analysis of the performance of the 

bTRWOA-SVM model in the task of predicting urolithiasis 

using TFs, covering the Avg and Std across six evaluation 

metrics. Significantly, the bTRWOA-SVM-S1 showcases 

exceptional performance across all metrics, with an accuracy 

of 98.830%, sensitivity of 97.665%, specificity of 99.340%, 

and precision of 98.239%, where the MCC and F-measure are 

97.138% and 97.897%, respectively. These figures emphati-

cally demonstrate the model's high accuracy, stability, and 

superior performance in predicting urolithiasis. The results 

not only underscore the capability of bTRWOA-SVM-S1 in 

precisely identifying patients with and without urolithiasis but 

also highlight the optimal efficacy of the S1-type TF for the 

bTRWOA-SVM prediction of urolithiasis. 

From the analysis above, it can be concluded that the 

combined use of the bTRWOA-SVM model with the S1-type 

TF exhibits a significant advantage in predicting urolithiasis. 

Subsequent comparative experiments will involve analyzing 

the integration of S1 and bTRWOA-SVM with other models. 

 
Figure 9. Performance comparison of bTRWOA-SVM on different TF. 

http://www.sciencepg.com/journal/acm


Applied and Computational Mathematics http://www.sciencepg.com/journal/acm 

 

340 

Table 8. Avg and Std of the bTRWOA-SVM for predicting urolithiasis at different TF. 

Methods Accuracy Sensitivity Specificity 

/ Avg Std Avg Std Avg Std 

bTRWOA-SVM-S1 98.830% 0.011 97.665% 0.027 99.340% 0.013 

bTRWOA-SVM-S2 98.055% 0.010 97.892% 0.018 98.139% 0.011 

bTRWOA-SVM-S3 98.348% 0.014 96.353% 0.036 99.189% 0.010 

bTRWOA-SVM-S4 98.441% 0.010 96.698% 0.031 99.210% 0.014 

bTRWOA-SVM-V1 98.248% 0.011 97.559% 0.017 98.542% 0.015 

bTRWOA-SVM-V2 97.856% 0.012 97.913% 0.024 97.891% 0.015 

bTRWOA-SVM-V3 98.049% 0.010 97.621% 0.023 98.294% 0.017 

bTRWOA-SVM-V4 98.248% 0.018 97.224% 0.032 98.675% 0.018 

Methods Precision MCC F-measure 

/ Avg Std Avg Std Avg Std 

bTRWOA-SVM-S1 98.239% 0.035 97.138% 0.027 97.897% 0.020 

bTRWOA-SVM-S2 95.135% 0.029 95.170% 0.025 96.471% 0.019 

bTRWOA-SVM-S3 97.931% 0.024 95.986% 0.034 97.101% 0.024 

bTRWOA-SVM-S4 97.894% 0.038 96.210% 0.026 97.212% 0.019 

bTRWOA-SVM-V1 96.170% 0.038 95.653% 0.028 96.815% 0.020 

bTRWOA-SVM-V2 94.397% 0.041 94.676% 0.030 96.060% 0.023 

bTRWOA-SVM-V3 95.419% 0.048 95.171% 0.026 96.408% 0.021 

bTRWOA-SVM-V4 96.539% 0.046 95.669% 0.044 96.829% 0.032 

 

3.2.3. Comparison Experiment of Predictive Models 

To evaluate the performance of bTRWOA-SVM in pre-

dicting urolithiasis, a comparative analysis was conducted 

against seven other FS models constructed based on SVM, as 

well as against seven widely recognized classification models. 

The SVM-based models included in this analysis are 

bHHOSRL-SVM, PbGSK_V4-SVM, bRFACO-SVM, bA-

CO-SVM, bABC-SVM, bRIME-SVM, and bWOA-SVM. In 

parallel, the comparison extended to well-known classifica-

tion models, encompassing AdaBoost, RandomF, FKNN, 

CART, SVM, KNN, and BP. 

Table 9. Avg and Std of the bTRWOA-SVM with other models predicting urolithiasis. 

Methods Accuracy Sensitivity Specificity 

/ Avg Std Avg Std Avg Std 

bTRWOA-SVM 98.830% 0.011 97.665% 0.027 99.340% 0.013 

bHHOSRL-SVM 97.955% 0.011 95.974% 0.034 98.785% 0.008 

PbGSK_V4-SVM 97.275% 0.015 96.837% 0.029 97.492% 0.016 

bRFACO-SVM 89.665% 0.099 73.290% 0.390 90.435% 0.102 

bACO-SVM 96.396% 0.010 93.805% 0.024 97.461% 0.014 

bABC-SVM 97.566% 0.013 97.138% 0.022 97.745% 0.014 
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Methods Accuracy Sensitivity Specificity 

bRIME-SVM 97.762% 0.012 96.607% 0.032 98.266% 0.012 

bWOA-SVM 98.248% 0.014 97.603% 0.027 98.551% 0.017 

AdaBoost 97.958% 0.021 96.628% 0.041 98.534% 0.018 

RandomF 96.103% 0.025 94.207% 0.060 96.944% 0.019 

FKNN 91.040% 0.022 85.504% 0.069 93.373% 0.022 

CART 89.670% 0.030 81.880% 0.067 92.710% 0.016 

SVM 94.351% 0.018 91.170% 0.043 95.620% 0.018 

KNN 91.039% 0.029 85.307% 0.064 93.379% 0.026 

BP 88.807% 0.068 80.234% 0.288 89.301% 0.067 

Methods Precision MCC F-measure 

/ Avg Std Avg Std Avg Std 

bTRWOA-SVM 98.239% 0.035 97.138% 0.027 97.897% 0.020 

bHHOSRL-SVM 96.872% 0.020 94.997% 0.026 96.380% 0.018 

PbGSK_V4-SVM 93.387% 0.044 93.230% 0.037 95.014% 0.028 

bRFACO-SVM 69.138% 0.379 67.940% 0.370 70.946% 0.381 

bACO-SVM 93.350% 0.039 91.079% 0.026 93.511% 0.020 

bABC-SVM 94.089% 0.036 93.934% 0.033 95.556% 0.025 

bRIME-SVM 95.468% 0.033 94.484% 0.030 95.979% 0.022 

bWOA-SVM 96.182% 0.045 95.680% 0.034 96.815% 0.025 

AdaBoost 96.170% 0.048 94.979% 0.052 96.341% 0.038 

RandomF 91.983% 0.052 90.394% 0.061 92.963% 0.045 

FKNN 82.562% 0.061 77.817% 0.055 83.727% 0.038 

CART 81.145% 0.043 74.348% 0.074 81.481% 0.053 

SVM 88.522% 0.049 85.944% 0.045 89.724% 0.033 

KNN 82.586% 0.074 77.754% 0.072 83.698% 0.054 

BP 68.350% 0.253 68.605% 0.255 73.692% 0.267 

 
Figure 10. Convergence trend of fitness values of bTRWOA-SVM with its peers in predicting urolithiasis. 
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Table 9 presents the Avg and Std of the performance met-

rics for bTRWOA-SVM alongside other models in predicting 

urolithiasis. The metrics include accuracy, sensitivity, speci-

ficity, precision, MCC, and F-measure. Notably, bTR-

WOA-SVM exhibits exceptional performance with an accu-

racy of 98.830% (±0.011), sensitivity of 97.665% (±0.027), 

and specificity of 99.340% (±0.013), underscoring its superior 

predictive capability. Precision and MCC stand at 98.239% 

(±0.035) and 97.138% (±0.027), respectively, with an 

F-measure of 97.897% (±0.020), indicating high reliability 

and predictive quality. 

Comparatively, models like bHHOSRL-SVM, 

PbGSK_V4-SVM, and bWOA-SVM also demonstrate com-

mendable performances but do not match the accuracy and bal-

ance achieved by bTRWOA-SVM. In particular, bRFA-

CO-SVM shows a notable drop in performance metrics, espe-

cially in sensitivity (73.290%±0.390) and precision 

(69.138%±0.379), highlighting its limited predictive accuracy. 

Among the well-known classification models, AdaBoost 

closely mirrors the high performance of bTRWOA-SVM with 

an accuracy of 97.958% (±0.021) and a precision of 96.170% 

(±0.048). Conversely, algorithms like FKNN, CART, and BP 

exhibit significantly lower performance across all metrics, 

with CART and BP showing a pronounced decrease in sensi-

tivity and precision, which may affect their applicability for 

reliable urolithiasis prediction. 

Additionally, Figure 10 provides insight into the conver-

gence trends of models during the process of identifying the 

optimal feature subset. Analyzing the speed of model con-

vergence and the fitness values ultimately achieved offers a 

comparative perspective on each model's capability in feature 

subset detection. Specifically, the bTRWOA-SVM, 

bHHOSRL-SVM, and PbGSK_V4-SVM models exhibit 

faster convergence rates compared to other models, indicating 

their efficiency in locating the optimal feature subsets. 

Among these, the bTRWOA-SVM ultimately achieves the 

lowest fitness value, further evidencing its superior perfor-

mance in the feature subset detection process. This finding 

reveals that the bTRWOA-SVM model excels not only in 

predictive stability but also in the execution efficiency and 

effectiveness of the optimization algorithm, providing a po-

tent tool for the accurate prediction of urolithiasis. 

In summary, through an in-depth analysis and comparison 

of the performance of different models in predicting uro-

lithiasis, the bTRWOA-SVM model has been found to exhibit 

significant advantages and high stability across multiple key 

performance indicators. Relative to similar and well-known 

classifiers, it not only leads to predictive accuracy but also 

demonstrates outstanding performance in model stability and 

feature subset detection capability. Notably, the bTR-

WOA-SVM's rapid convergence capability and the achieve-

ment of a low fitness value in the process of identifying the 

optimal feature subset further confirm its efficacy and relia-

bility as a predictive tool for urolithiasis. 

3.2.4. Feature Importance Analysis 

To discern which features exert a decisive impact on the 

prediction of urolithiasis, this study employed the bTR-

WOA-SVM model and subjected it to ten-fold 

cross-validation ten times. This method aims to quantitatively 

assess the relative importance of each feature in predicting 

urolithiasis by analyzing the frequency of FS within the uro-

lithiasis dataset. 

Figure 11 illustrates the results of analyzing the importance 

of features for predicting urolithiasis using the bTR-

WOA-SVM model. It was observed that the features C28 

(Bil), C13 (TP), C22 (PH value), C16 (Cr), and C11 (DBil) 

were selected with descending frequencies, achieving selec-

tion rates of 100, 83, 83, 82, and 80 times, respectively. No-

tably, Bil was selected with a frequency of 100%, under-

scoring its significance in the diagnosis of urolithiasis. Ab-

normal levels of Bil may indicate liver dysfunction or issues 

within the biliary system, which are potentially linked to the 

occurrence of urolithiasis. The relatively high selection fre-

quencies of TP, PH value, Cr, and DBil further suggest their 

association with the urolithiasis formation process, such as 

renal function status, the body's acid-base balance, and the 

health of the biliary system. 

 
Figure 11. Selected features of the bTRWOA-SVM in the 100 FS. 
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4. Discussion 

This retrospective study included 1029 samples, which in-

cluded 289 patients with urolithiasis and 740 patients without 

urolithiasis. We collected and compared the blood routine, 

blood biochemical, and urine routine results of the two groups 

of patients. The machine learning approach was used to screen 

out 5 factors highly related to the stone occurrence from 35 

test results: urobilinogen, albumin, creatinine, direct bilirubin 

(DBIL), and Urine pH. These indicators have their meanings 

in the urinary system, and this paper links them together as a 

whole for the first time. The main components of urinary 

calculi are 90% inorganic crystals and 2-5% organic compo-

nents [67]. The supersaturation of inorganic crystals, such as 

oxalates, urates, phosphates, etc., in the human body is only 

one of the conditions for stone formation, rather than a deci-

sive factor. In metabolic abnormalities and disease conditions, 

the increased concentrations of albumin may press the accel-

erator key for stone formation [68]. Elevated serum creatinine 

levels may indicate urolithiasis leading to high urinary ob-

struction, and the predictive validity of creatinine levels was 

also validated by Kim's modified stone score [69, 70]. What’s 

more, many studies have shown that the pH of the urine in the 

phosphate and apatite groups was significantly higher, and the 

urine pH of patients in the uric acid and oxalate groups was 

significantly lower [71]. In addition, our model included 

urobilinogen and serum direct bilirubin, which had not been 

previously associated with urinary calculi. However, Song et 

al. found that high urinary urobilinogen indicates acute he-

patic porphyria in patients with abdominal pain [72]. As a 

routine physical examination item in China, urobilinogen and 

direct bilirubin have great potential to become new indicators 

for stone prediction. It is important to note that although urine 

leukocytes, urine crystals, and other tests are abnormal in 

many patients with urinary calculi [73], they do not seem to 

show a specific correlation in our scoring model. 

In previous studies, most scoring models tend to cover 

clinical symptoms. Such as the STONE score, Moore et al. 

proposed five factors highly associated with stones, which 

were associated with integer point values. male sex, short 

duration of pain, race, nausea or vomiting, and hematuria, 

yielding a total score ranging from 0-13. Scores ranging from 

0-5, 6-9, and 10-13 represent a low, moderate, and high 

probability of urolithiasis, respectively [9]. Patients with high 

STONE scores may be able to avoid CT altogether or perform 

a reduced-dose CT. The main aim of the STONE score was to 

be involved in the imaging decision of suspected urolithiasis 

to decrease exposure to radiation and over-utilization of im-

aging. In addition, Kim et al. added CRP and previous history 

of urinary calculi based on Moore’s work, and the final mod-

ified calculi score showed better sensitivity and specificity of 

the score [69]. Although the study of the STONE score points 

to a very low rate of missed diagnoses, it seems unrealistic to 

forgo more accurate CT tests for patients based on stone 

scores alone. CT examination conforms to the secondary 

prevention strategy in China, which means "early detection, 

early diagnosis, and early treatment". CT examination is not 

only a clear diagnosis of urinary calculi, but also a "physical 

examination" of the chest, abdomen, and pelvic structure [74, 

75]. 

Different from previous studies, the main purpose of our 

prediction model is not to reduce the amount of CT radiation 

received by patients with suspected urolithiasis. The main 

purpose of our prediction model is to predict whether a patient 

is at risk of urolithiasis just through blood routine, biochem-

ical, and urine routine results. The main target population is 

those who do not have clinical symptoms such as urinary 

obstruction, low back pain, and hematuria, and imaging 

methods do not indicate the presence of urinary stones. Based 

on this prediction model, people at high risk of urinary stone 

formation can take preventive measures in advance to prevent 

stone formation. It is also an extremely beneficial tool for 

patients with recurrent urinary stones. Nevertheless, some 

limitations should be acknowledged. First, the current model 

is classifier dependent, and its performance may vary if other 

machine learning algorithms are applied. Second, the sample 

size of the dataset is relatively limited, which may restrict the 

generalizability of the results. However, these limitations do 

not detract from the overall quality and potential impact of 

our research, and future studies with larger and more diverse 

datasets as well as alternative classifiers are warranted to 

further validate and improve the model. 

5. Conclusions 

This study investigates a wrapper-based FS method for 

urinary stone data. To overcome the limitations of traditional 

WOA, TTS, and RLO strategies are proposed. The TTS 

strategy expands the search range of solutions by converting 

between polar and Cartesian coordinate systems and em-

ploying a rotational search method. The RLO strategy pro-

motes information exchange among population individuals to 

maintain population diversity. TRWOA is compared with 

existing methods on the CEC 2017 benchmark functions, and 

the experimental results demonstrate that TRWOA has ad-

vanced local and global search capabilities, leading to im-

proved optimal solutions. For the urinary stone data FS 

problem, a wrapper-based FS method using bTRWOA as the 

search strategy and SVM as the classifier is proposed. 

bTRWOA-SVM is compared with existing methods, and 

experimental results on the urinary stone dataset show better 

improvement in accuracy. Furthermore, the experimental 

results indicate that TP, PH value, Cr, and DBi are the key 

features affecting urinary stone formation. 

Although the proposed method achieves satisfactory results, 

there are still some limitations. Firstly, since a wrapper-based 

FS model is used, the quality of the feature subset depends 

largely on the choice of classifier. Therefore, designing an 

http://www.sciencepg.com/journal/acm


Applied and Computational Mathematics http://www.sciencepg.com/journal/acm 

 

344 

evaluation function independent of classifier performance to 

assess the quality of the feature subset could be considered in 

the future. Additionally, the relatively small sample size of the 

urinary stone data used in the experiments may lead to model 

overfitting. Therefore, collecting more urinary stone data for 

model updating in the future is also needed. 

Abbreviations 

CT Computed Tomography 

ML Machine Learning 

RandomF Random Forest 

AdaBoost Adaptive Boosting 

SVM Support Vector Machine 

FS Feature Selection 

MAS Metaheuristic Algorithms 

PSO Particle Swarm Optimization 

HHO Harris Hawks Optimization 

SMA Slime Mould Algorithm 

SCA Sine Cosine Algorithm 

CPA Colony Predation Algorithm 

RIME Rime Optimization Algorithm 

INFO Weighted Mean of Vectors 

RUN Runge Kutta Optimizer 

ACO Ant Colony Optimization 

WOA Whale Optimization Algorithm 

TTS Triangulation Topology Search 

RLO Reflective Learning Operator 

TRWOA WOA Embedded with TTS and RLO 

SOTA State-of-the-art 

bTRWOA Binary TRWOA 

bTRWOA-SVM A FS Model Based on Btrwoa and SVM 

RBF Radial Basis Function 

TF Transfer Function 

Avg Average Fitness Value 

Std Standard Deviation 

WST Wilcoxon Signed-rank Test 

FRT Friedman Test 

BP Bonferroni Post-hoc Test 

MCC Matthews Correlation Coefficient 

FKNN Fuzzy k-nearest Neighbors 

CART Classification and Regression Trees 

KNN K-nearest Neighbors 

BP Backpropagation Neural Network 

Supplementary Material 

The supplementary material can be accessed at  

https://doi.org/10.11648/j.acm.20251406.13 

Acknowledgments 

The authors thank all of the people who participated in this 

study. 

Author Contributions 

Yuanzhe Ding: Data collection,Writing 

Ao Ma: Data collection 

Zijian Chen: Data collection 

Tianyue Liu: Data collection 

Yun Jin: Statistics of data 

Weiqiang Ning: Statistics of data 

Kaijie Xu: Statistics of data 

Junyi Lu: Statistics of data 

Huiling Chen: Funding acquisition 

Huiliang Wang: Funding acquisition 

Wei Chen: Funding acquisition 

Funding 

This study was funded by Zhejiang Province Medical and 

health science and Technology project (2022KY199, 

2024KY141), Discipline Cluster of Oncology of Wenzhou 

Medical University (No. z1-2023003), Wenzhou Science and 

Technology Project (Y20220186) and Zhejiang Provincial 

Traditional Chinese Medicine Scientific Research Fund 

(2022ZB215). 

Data Availability Statement 

The data involved in this study are all public data, which 

can be downloaded through public channels. 

Conflicts of Interest 

The authors declare no conflicts of interest. 

References 

[1] Tae, B. S., U. Balpukov, S. Y. Cho, and C. W. Jeong, Elev-

en-year Cumulative Incidence and Estimated Lifetime Preva-

lence of Urolithiasis in Korea: a National Health Insurance 

Service-National Sample Cohort Based Study. J Korean Med 

Sci. 2018, 33(2), e13.  

https://doi.org/10.3346/jkms.2018.33.e13 

[2] Tan, S., D. Yuan, H. Su, W. Chen, S. Zhu, B. Yan, F. Sun, K. 

Jiang, and J. Zhu, Prevalence of urolithiasis in China: a sys-

tematic review and meta-analysis. BJU Int. 2024, 133(1), 

34-43.  

https://doi.org/10.1111/bju.16179 

[3] Tu, J. F., Y. Cao, L. Q. Wang, G. X. Shi, L. C. Jia, B. L. Liu, W. 

H. Yao, X. L. Pei, Y. Cao, H. W. Li, S. Y. Yan, J. W. Yang, Z. 

C. Qu, and C. Z. Liu, Effect of Adjunctive Acupuncture on 

Pain Relief Among Emergency Department Patients With 

Acute Renal Colic Due to Urolithiasis: A Randomized Clinical 

Trial. JAMA Netw Open. 2022, 5(8), e2225735.  

https://doi.org/10.1001/jamanetworkopen.2022.25735 

http://www.sciencepg.com/journal/acm


Applied and Computational Mathematics http://www.sciencepg.com/journal/acm 

 

345 

[4] Moe, O. W., Kidney stones: pathophysiology and medical 

management. Lancet. 2006, 367(9507), 333-44.  

https://doi.org/10.1016/S0140-6736(06)68071-9 

[5] Smith, R. C., A. T. Rosenfield, K. A. Choe, K. R. Essenmacher, 

M. Verga, M. G. Glickman, and R. C. Lange, Acute flank pain: 

comparison of non-contrast-enhanced CT and intravenous 

urography. Radiology. 1995, 194(3), 789-94.  

https://doi.org/10.1148/radiology.194.3.7862980 

[6] Niehoff, J. H., A. F. Carmichael, M. M. Woeltjen, J. Borie-

sosdick, A. E. Michael, B. Schmidt, C. Panknin, T. G. Flohr, I. 

Shahzadi, H. Piechota, J. Borggrefe, and J. R. Kroeger, Clinical 

Low-Dose Photon-Counting CT for the Detection of Urolithi-

asis: Radiation Dose Reduction Is Possible without Compro-

mising Image Quality. Diagnostics (Basel). 2023, 13(3).  

https://doi.org/10.3390/diagnostics13030458 

[7] Akhavein, A., V. Ganesan, S. Tarplin, M. Monga, and S. Si-

valingam, Urolithiasis and Frequent CT Scans: Does Chronic 

Pain Play a Role? J Endourol. 2016, 30(11), 1161-1164.  

https://doi.org/10.1089/end.2016.0204 

[8] Wang, Z., G. Yang, X. Wang, Y. Cao, W. Jiao, and H. Niu, A 

combined model based on CT radiomics and clinical variables 

to predict uric acid calculi which have a good accuracy. Uro-

lithiasis. 2023, 51(1), 37.  

https://doi.org/10.1007/s00240-023-01405-x 

[9] Moore, C. L., S. Bomann, B. Daniels, S. Luty, A. Molinaro, D. 

Singh, and C. P. Gross, Derivation and validation of a clinical 

prediction rule for uncomplicated ureteral stone--the STONE score: 

retrospective and prospective observational cohort studies. BMJ. 

2014, 348, g2191. https://doi.org/10.1136/bmj.g2191 

[10] Chen, T. T., Y. F. Zhang, Q. L. Dou, X. H. Zheng, F. S. Wang, 

J. J. Zou, and R. P. Jia, Machine Learning-Assisted Preopera-

tive Diagnosis of Infection Stones in Urolithiasis Patients. 

JOURNAL OF ENDOUROLOGY. 2022, 36(8), 1091-1098. 

https://doi.org/10.1089/end.2021.0783 

[11] Haifler, M., N. Kleinmann, R. Haramaty, and D. E. Zilberman, 

A machine learning model for predicting surgical intervention 

in renal colic due to ureteral stone(s) < 5 mm. Scientific Re-

ports. 2022, 12(1), 11788.  

https://doi.org/10.1038/s41598-022-16128-z 

[12] Lopez-Tiro, F., V. Estrade, J. Hubert, D. Flores-Araiza, M. 

Gonzalez-Mendoza, G. Ochoa, and C. Daul, On the In Vivo 

Recognition of Kidney Stones Using Machine Learning. IEEE 

Access. 2024, 12, 10736-10759.  

https://doi.org/10.1109/ACCESS.2024.3351178 

[13] Zheng, J., H. Yu, J. Batur, Z. Shi, A. Tuerxun, A. Abulajiang, S. 

Lu, J. Kong, L. Huang, S. Wu, Z. Wu, Y. Qiu, T. Lin, and X. 

Zou, A multicenter study to develop a non-invasive radiomic 

model to identify urinary infection stone in vivo using ma-

chine-learning. Kidney International. 2021, 100(4), 870-880. 

https://doi.org/10.1016/j.kint.2021.05.031 

[14] Li, X., P. Tang, F. R. Liang, L. J. Wang, X. Y. Huang, J. E. Li, 

and X. Zhen, Machine learning based multi-label classification 

of single or mixed-composition urinary stones in in vivo spec-

tral CT. MEDICAL PHYSICS. 2023, 50(2), 661-674.  

https://doi.org/10.1002/mp.16154 

[15] Chmiel, J. A., G. A. Stuivenberg, J. Wong, L. Nott, J. Burton, 

H. Razvi, and J. Bjazevic, Predictive modelling of urinary 

stone composition using machine learning and clinical data: 

implications for treatment strategies and pathophysiological 

insights. Journal of Endourology. 2023.  

https://doi.org/10.1089/end.2023.0446 

[16] Wu, Y., Q. Mo, Y. Xie, J. Zhang, S. Jiang, J. Guan, C. Qu, R. 

Wu, and C. Mo, A retrospective study using machine learning 

to develop predictive model to identify urinary infection stones 

in vivo. Urolithiasis. 2023, 51(1), 84.  

https://doi.org/10.1007/s00240-023-01457-z 

[17] Thirumoorthy, K. and J. J. B. J, A two-stage feature selection 

approach using hybrid quasi-opposition self-adaptive coati 

optimization algorithm for breast cancer classification. Applied 

Soft Computing. 2023, 146, 110704.  

https://doi.org/10.1016/j.asoc.2023.110704 

[18] Liu, G., Z. Guo, W. Liu, F. Jiang, and E. Fu, A feature selection 

method based on the Golden Jackal-Grey Wolf Hybrid Opti-

mization Algorithm. PLOS ONE. 2024, 19(1), e0295579.  

https://doi.org/10.1371/journal.pone.0295579 

[19] Kennedy, J. and R. Eberhart. Particle swarm optimization. in 

ICNN'95 - International Conference on Neural Networks. 

1995.1995. https://doi.org/10.1109/ICNN.1995.488968 

[20] Heidari, A. A., S. Mirjalili, H. Faris, I. Aljarah, M. Mafarja, 

and H. Chen, Harris hawks optimization: Algorithm and ap-

plications. Future Generation Computer Systems-the Interna-

tional Journal of Escience. 2019, 97, 849-872.  

https://doi.org/10.1016/j.future.2019.02.028 

[21] Chen, H., C. Li, M. Mafarja, A. A. Heidari, Y. Chen, and Z. Cai, 

Slime mould algorithm: a comprehensive review of recent 

variants and applications. International Journal of Systems 

Science. 2022, 1-32. 

[22] Li, S., H. Chen, M. Wang, A. A. Heidari, and S. Mirjalili, 

Slime mould algorithm: A new method for stochastic optimi-

zation. Future Generation Computer Systems. 2020, 111, 

300-323. https://doi.org/10.1016/j.future.2020.03.055 

[23] Mirjalili, S., SCA: A Sine Cosine Algorithm for solving opti-

mization problems. Knowledge-Based Systems. 2016, 96, 

120-133. https://doi.org/10.1016/j.knosys.2015.12.022 

[24] Tu, J., H. Chen, M. Wang, and A. H. Gandomi, The Colony 

Predation Algorithm. Journal of Bionic Engineering. 2021, 

18(3), 674-710. https://doi.org/10.1007/s42235-021-0050-y 

[25] Su, H., D. Zhao, A. Asghar Heidari, L. Liu, X. Zhang, M. 

Mafarja, and H. Chen, RIME: A physics-based optimization. 

Neurocomputing. 2023.  

https://doi.org/10.1016/j.neucom.2023.02.010 

[26] Ahmadianfar, I., A. Asghar Heidari, S. Noshadian, H. Chen, 

and A. H. Gandomi, INFO: An Efficient Optimization Algo-

rithm based on Weighted Mean of Vectors. Expert Systems 

with Applications. 2022, 116516.  

https://doi.org/10.1016/j.eswa.2022.116516 

http://www.sciencepg.com/journal/acm


Applied and Computational Mathematics http://www.sciencepg.com/journal/acm 

 

346 

[27] Ahmadianfar, I., A. Asghar Heidari, A. H. Gandomi, X. Chu, 

and H. Chen, RUN Beyond the Metaphor: An Efficient Opti-

mization Algorithm Based on Runge Kutta Method. Expert 

Systems with Applications. 2021, 115079.  

https://doi.org/10.1016/j.eswa.2021.115079 

[28] Dorigo, M., V. Maniezzo, and A. Colorni, Ant system: opti-

mization by a colony of cooperating agents. IEEE transactions 

on systems, man, and cybernetics. Part B, Cybernetics: a pub-

lication of the IEEE Systems, Man, and Cybernetics Society. 

1996, 26(1), 29-41. https://doi.org/10.1109/3477.484436 

[29] Mirjalili, S. and A. Lewis, The Whale Optimization Algorithm. 

Advances in Engineering Software. 2016, 95, 51-67.  

https://doi.org/10.1016/j.advengsoft.2016.01.008 

[30] Atimbire, S. A., J. K. Appati, and E. Owusu, Empirical ex-

ploration of whale optimisation algorithm for heart disease 

prediction. Scientific Reports. 2024, 14(1), 4530.  

https://doi.org/10.1038/s41598-024-54990-1 

[31] Betshrine Rachel, R., H. K. Nehemiah, V. K. Singh, and R. M. 

V. Manoharan, Diagnosis of Covid-19 from CT slices using 

Whale Optimization Algorithm, Support Vector Machine and 

Multi-Layer Perceptron. Journal of X-ray science and tech-

nology. 2024. https://doi.org/10.3233/xst-230196 

[32] Chatterjee, R., M. A. K. Akhtar, D. K. Pradhan, F. Chakraborty, 

M. Kumar, S. Verma, R. A. Khurma, and M. García-Arenas, 

FNN for Diabetic Prediction Using Oppositional Whale Op-

timization Algorithm. IEEE Access. 2024, 12, 20396-20408. 

https://doi.org/10.1109/ACCESS.2024.3357993 

[33] Govindamoorthi, P. and P. R. Kumar, A likelihood swarm 

whale optimization based LeNet classifier approach for the 

prediction and diagnosis of patients with atherosclerosis dis-

ease. COMPUTER METHODS IN BIOMECHANICS AND 

BIOMEDICAL ENGINEERING. 2023, 26(3), 326-337.  

https://doi.org/10.1080/10255842.2022.2116577 

[34] Nadimi-Shahraki, M. H., H. Zamani, and S. Mirjalili, En-

hanced whale optimization algorithm for medical feature se-

lection: A COVID-19 case study. COMPUTERS IN BIOL-

OGY AND MEDICINE. 2022, 148.  

https://doi.org/10.1016/j.compbiomed.2022.105858 

[35] Kundu, R., S. Chattopadhyay, E. Cuevas, and R. Sarkar, 

AltWOA: Altruistic Whale Optimization Algorithm for feature 

selection on microarray datasets. COMPUTERS IN BIOLO-

GY AND MEDICINE. 2022, 144.  

https://doi.org/10.1016/j.compbiomed.2022.105349 

[36] Tair, M., N. Bacanin, M. Zivkovic, and K. Venkatachalam, A 

Chaotic Oppositional Whale Optimisation Algorithm with 

Firefly Search for Medical Diagnostics. CMC-COMPUTERS 

MATERIALS & CONTINUA. 2022, 72(1), 959-982.  

https://doi.org/10.32604/cmc.2022.024989 

[37] Devi, S. S. and K. Prithiviraj, Breast Cancer Classification 

With Microarray Gene Expression Data Based on Improved 

Whale Optimization Algorithm. INTERNATIONAL JOUR-

NAL OF SWARM INTELLIGENCE RESEARCH. 2023, 

14(1). https://doi.org/10.4018/IJSIR.317091 

[38] Cortes, C. and V. Vapnik, Support-vector networks. Machine 

Learning. 1995, 20(3), 273-297.  

https://doi.org/10.1007/BF00994018 

[39] Nigudgi, S. and C. Bhyri, Lung cancer CT image classification 

using hybrid-SVM transfer learning approach. Soft Computing. 

2023, 27(14), 9845-9859.  

https://doi.org/10.1007/s00500-023-08498-x 

[40] Zhao, S., T. Zhang, L. Cai, and R. Yang, Triangulation topol-

ogy aggregation optimizer: A novel mathematics-based me-

ta-heuristic algorithm for continuous optimization and engi-

neering applications. Expert Systems with Applications. 2024, 

238, 121744.  

https://doi.org/10.1016/j.eswa.2023.121744 

[41] Feng, Z.-k., W.-j. Niu, and S. Liu, Cooperation search algo-

rithm: A novel metaheuristic evolutionary intelligence algo-

rithm for numerical optimization and engineering optimization 

problems. Applied Soft Computing. 2021, 98, 106734.  

https://doi.org/10.1016/j.asoc.2020.106734 

[42] Jia, D., G. Zheng, B. Qu, M. K. J. C. Khan, and I. Engineering, 

A hybrid particle swarm optimization algorithm for 

high-dimensional problems. 2011, 61(4), 1117-1122. 

[43] Issa, M., A. E. Hassanien, D. Oliva, A. Helmi, I. Ziedan, and A. 

Alzohairy, ASCA-PSO: Adaptive sine cosine optimization 

algorithm integrated with particle swarm for pairwise local 

sequence alignment. Expert Systems with Applications. 2018, 

99, 56-70. https://doi.org/10.1016/j.eswa.2018.01.019 

[44] Lei, Z., S. Gao, S. Gupta, J. Cheng, and G. Yang, An aggrega-

tive learning gravitational search algorithm with self-adaptive 

gravitational constants. Expert Systems with Applications. 

2020, 152, 113396.  

https://doi.org/10.1016/j.eswa.2020.113396 

[45] Luo, J., H. Chen, A. A. Heidari, Y. Xu, Q. Zhang, and C. Li, 

Multi-strategy boosted mutative whale-inspired optimization 

approaches. Applied Mathematical Modelling. 2019, 73, 

109-123. https://doi.org/10.1016/j.apm.2019.03.046 

[46] Yong, J., F. He, H. Li, and W. Zhou. A Novel Bat Algorithm 

based on Collaborative and Dynamic Learning of Opposite 

Population. in 2018 IEEE 22nd International Conference on 

Computer Supported Cooperative Work in Design ((CSCWD)). 

2018.2018. https://doi.org/10.1109/CSCWD.2018.8464759 

[47] Nenavath, H. and R. K. Jatoth, Hybridizing sine cosine algo-

rithm with differential evolution for global optimization and 

object tracking. Applied Soft Computing. 2018, 62, 1019-1043. 

https://doi.org/10.1016/j.asoc.2017.09.039 

[48] Heidari, A. A., I. Aljarah, H. Faris, H. Chen, J. Luo, and S. 

Mirjalili, An enhanced associative learning-based exploratory 

whale optimizer for global optimization. Neural Computing & 

Applications. 2020, 32(9), 5185-5211.  

https://doi.org/10.1007/s00521-019-04015-0 

[49] Zhao, S., P. Wang, A. A. Heidari, X. Zhao, C. Ma, and H. Chen, 

An enhanced Cauchy mutation grasshopper optimization with 

trigonometric substitution: engineering design and feature se-

lection. Engineering with Computers. 2022, 38(5), 4583-4616. 

https://doi.org/10.1007/s00366-021-01448-x 

http://www.sciencepg.com/journal/acm


Applied and Computational Mathematics http://www.sciencepg.com/journal/acm 

 

347 

[50] Peng, L., C. He, A. A. Heidari, Q. Zhang, H. Chen, G. Liang, N. 

O. Aljehane, and R. F. Mansour, Information sharing search 

boosted whale optimizer with Nelder-Mead simplex for pa-

rameter estimation of photovoltaic models. Energy Conversion 

and Management. 2022, 270, 116246.  

https://doi.org/10.1016/j.enconman.2022.116246 

[51] Liang, H., Y. Liu, Y. Shen, F. Li, and Y. Man, A Hybrid Bat 

Algorithm for Economic Dispatch With Random Wind Power. 

IEEE Transactions on Power Systems. 2018, 33(5), 5052-5061. 

https://doi.org/10.1109/TPWRS.2018.2812711 

[52] Sun, Y., X. Wang, Y. Chen, and Z. Liu, A modified whale 

optimization algorithm for large-scale global optimization 

problems. Expert Systems with Applications. 2018, 114, 

563-577. https://doi.org/10.1016/j.eswa.2018.08.027 

[53] Wu, G., R. Mallipeddi, and P. Suganthan, Problem Definitions 

and Evaluation Criteria for the CEC 2017 Competition and 

Special Session on Constrained Single Objective Re-

al-Parameter Optimization. 2016. 

[54] Derrac, J., S. García, D. Molina, and F. Herrera, A practical 

tutorial on the use of nonparametric statistical tests as a 

methodology for comparing evolutionary and swarm intelli-

gence algorithms. Swarm and Evolutionary Computation. 2011, 

1(1), 3-18. https://doi.org/10.1016/j.swevo.2011.02.002 

[55] García, S., A. Fernández, J. Luengo, and F. Herrera, Advanced 

nonparametric tests for multiple comparisons in the design of 

experiments in computational intelligence and data mining: 

Experimental analysis of power. Information Sciences. 2010, 

180(10), 2044-2064. https://doi.org/10.1016/j.ins.2009.12.010 

[56] Demšar, J., Statistical Comparisons of Classifiers over Multi-

ple Data Sets. J. Mach. Learn. Res. 2006, 7, 1-30. 

[57] Wang, X., Q. He, W. Jian, H. Meng, B. Zhang, H. Jin, G. Yang, 

L. Zhu, L. Wang, and X. Zhen, Hybrid feature ranking and 

classifier aggregation based on multi-criteria decision-making. 

EXPERT SYSTEMS WITH APPLICATIONS. 2024, 238.  

https://doi.org/10.1016/j.eswa.2023.122193 

[58] Xing, J., C. Li, P. Wu, X. Cai, and J. Ouyang, Optimized fuzzy 

K-nearest neighbor approach for accurate lung cancer predic-

tion based on radial endobronchial ultrasonography. Comput-

ers in Biology and Medicine. 2024, 171, 108038.  

https://doi.org/10.1016/j.compbiomed.2024.108038 

[59] Hu, J., z. Han, A. A. Heidari, Y. Shou, H. Ye, L. Wang, X. 

Huang, H. Chen, Y. Chen, and P. Wu, Detection of COVID-19 

severity using blood gas analysis parameters and Harris hawks 

optimized extreme learning machine. Computers in Biology 

and Medicine. 2022, 142, 105166.  

https://doi.org/10.1016/j.compbiomed.2021.105166 

[60] Agrawal, P., T. Ganesh, D. Oliva, and A. W. Mohamed, 

S-shaped and V-shaped gaining-sharing knowledge-based al-

gorithm for feature selection. Applied Intelligence. 2022, 52(1), 

81-112.  

https://doi.org/10.1007/s10489-021-02233-5 

[61] Zhou, X., W. Gui, A. A. Heidari, Z. Cai, G. Liang, and H. Chen, 

Random following ant colony optimization: Continuous and 

binary variants for global optimization and feature selection. 

Applied Soft Computing. 2023, 110513.  

https://doi.org/10.1016/j.asoc.2023.110513 

[62] Karaboga, D., B. Gorkemli, C. Ozturk, and N. Karaboga, A 

comprehensive survey: artificial bee colony (ABC) algorithm 

and applications. Artificial Intelligence Review. 2014, 42(1), 

21-57. https://doi.org/10.1007/s10462-012-9328-0 

[63] Hussien, A. G., A. E. Hassanien, E. H. Houssein, S. 

Bhattacharyya, and M. Amin, S-shaped binary whale optimi-

zation algorithm for feature selection, in Recent trends in 

signal and image processing. 2019, Springer. p. 79-87. 

[64] Huang, Y., M. Wu, D. Li, Z. Chen, X. Yu, Y. Gao, X. Lai, L. 

Ye, S. Quan, Y. Lu, A. A. Heidari, H. Chen, and J. Pan, Ad-

vancing gene feature selection: Comprehensive learning mod-

ified hunger games search for high-dimensional data. Bio-

medical Signal Processing and Control. 2024, 87, 105423.  

https://doi.org/10.1016/j.bspc.2023.105423 

[65] Li, Y., Y. Fu, Y. Liu, D. Zhao, L. Liu, S. Bourouis, A. D. 

Algarni, C. Zhong, and P. Wu, An optimized machine learning 

method for predicting wogonin therapy for the treatment of 

pulmonary hypertension. Computers in Biology and Medicine. 

2023, 164, 107293.  

https://doi.org/10.1016/j.compbiomed.2023.107293 

[66] Yu, X., W. Qin, X. Lin, Z. Shan, L. Huang, Q. Shao, L. Wang, 

and M. Chen, Synergizing the enhanced RIME with fuzzy 

K-nearest neighbor for diagnose of pulmonary hypertension. 

Computers in Biology and Medicine. 2023, 165, 107408. 

https://doi.org/10.1016/j.compbiomed.2023.107408 

[67] Khan, S. R. and R. L. Hackett, Role of organic matrix in uri-

nary stone formation: an ultrastructural study of crystal matrix 

interface of calcium oxalate monohydrate stones. J Urol. 1993, 

150(1), 239-45.  

https://doi.org/10.1016/s0022-5347(17)35454-x 

[68] Shaji, D., Identification of Novel Human Serum Albumin (SA) 

Inhibitors from Scoparia Dulsis for Urolithiasis. Curr Comput 

Aided Drug Des. 2020, 16(3), 308-317.  

https://doi.org/10.2174/1573409915666190808125518 

[69] Kim, B., K. Kim, J. Kim, Y. H. Jo, J. H. Lee, J. E. Hwang, and 

J. Park, External validation of the STONE score and derivation 

of the modified STONE score. Am J Emerg Med. 2016, 34(8), 

1567-72.  

https://doi.org/10.1016/j.ajem.2016.05.061 

[70] Prezioso, D., A. Saita, M. Motta, M. Porena, C. Micheli, E. 

Illiano, D. Bruzzese, V. Bisesti, P. Ferrari, T. Lotti, and D. 

Russo, Serum fetuin-A and recurrent urolithiasis in young 

adults. Arch Ital Urol Androl. 2013, 85(4), 180-3.  

https://doi.org/10.4081/aiua.2013.4.180 

[71] Rodgers, A. L., The application of physico-chemical proce-

dures in the analysis of urinary calculi. Scan Electron Microsc. 

1985(Pt 2), 745-58. 

[72] Song, C. and Y. Liu, A high urinary urobilinogen/serum total 

bilirubin ratio indicates acute hepatic porphyria in patients with 

abdominal pain. Sci Rep. 2023, 13(1), 21330.  

https://doi.org/10.1038/s41598-023-48824-9 

http://www.sciencepg.com/journal/acm


Applied and Computational Mathematics http://www.sciencepg.com/journal/acm 

 

348 

[73] Lin, S. L., C. Y. Chung, Z. T. Chen, C. C. Huang, Y. Z. Li, E. Y. 

Huang, and H. K. Chiang, Observation and identification of 

autofluorescent urine crystals may be linked to a sign of uro-

lithiasis. Urolithiasis. 2022, 50(5), 535-543.  

https://doi.org/10.1007/s00240-022-01343-0 

[74] Zhang, G., X. Zhang, L. Xu, X. Bai, R. Jin, M. Xu, J. Yan, Z. 

Jin, and H. Sun, Value of deep learning reconstruction at ul-

tra-low-dose CT for evaluation of urolithiasis. Eur Radiol. 

2022, 32(9), 5954-5963.  

https://doi.org/10.1007/s00330-022-08739-x 

[75] Lei, B., N. Harfouch, J. Scheiner, S. Demissie, and M. Hayim, 

Can obstructive urolithiasis be safely excluded on contrast CT? 

A retrospective analysis of contrast-enhanced and noncontrast 

CT. Am J Emerg Med. 2021, 47, 70-73.  

https://doi.org/10.1016/j.ajem.2021.03.059 

 

 

http://www.sciencepg.com/journal/acm

