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SUMMARY

Chronic obstructive pulmonary disease (COPD) causes irreversible airflow limitations, increasing global
morbidity and mortality. Acute exacerbations (AECOPDs) worsen symptoms and may require mechanical
ventilation, leading to complications. Understanding factors affecting AECOPD prognosis during mechan-
ical ventilation is crucial. Inspired by rime ice physics, the RIME algorithm has been proposed but it had
limitations in feature selection and solution space exploration. We improve RIME by adding a dispersed
foraging mechanism and differential crossover operator, creating DDRIME. Our study analyzes patient
data to identify factors related to invasive mechanical ventilation in AECOPD. DDRIME's performance
is tested against RIME on 83 functions and 12 public datasets for feature selection. It outperformed
most algorithms, with bDDRIME_KNN showing high accuracy in predicting AECOPD outcomes. Key indi-
cators—chronic heart failure (CHF), D-dimer (D-D), fungal infection (Fl), and pectoral muscle area (PMA)—
predicted prognosis with >0.98 accuracy. bDDRIME is thus a valuable tool for predicting AECOPD pa-
tients’ outcomes on mechanical ventilation.

INTRODUCTION

Chronic obstructive pulmonary disease (COPD) is a pervasive respiratory condition, often attributed to long-term exposure to harmful sub-
stances such as tobacco smoke, air pollutants, and occupational dust. This exposure initiates a cascade of inflammatory responses, leading to
the progressive deterioration of lung function.” Common symptoms of COPD include persistent cough, excessive sputum production, and
shortness of breath, especially during physical activities. As the disease progresses, patients may experience exacerbations that significantly
impact their quality of life.” Patients are more susceptible to exacerbations, which can severely diminish their quality of life. The global impact
of COPD is substantial, with recent data from the World Health Organization indicating it as the third leading cause of death worldwide, ac-
counting for over 3 million deaths annually. It is noteworthy that a disproportionate burden of these fatalities occurs in low- and middle-in-
come countries, underscoring an urgent need for effective public health strategies.®* With an aging population and smoking as a major
cause, COPD has a high global prevalence, while nearly 90% of mortality is seen in low- and middle-income countries, and its mortality
rate is in the top three of age-standardized mortality rates for both sexes.”

Acute exacerbation of chronic obstructive pulmonary disease (AECOPD) is an event of exacerbation of respiratory symptoms due to a
short-term increase in inflammatory cells in the blood for 7-10 days or more caused by viral or bacterial infection of the respiratory tract.’
Inpatient AECOPD usually has rapid changes in disease, reduced oxygen saturation, and the presence of severe other comorbidities. In addi-
tion to basic medication and oxygen therapy, the preferred mode of ventilation in combined respiratory failure is noninvasive ventilation
(NIV),® but the failure rate is still 5%-40%,” and when NIV fails, it should be changed to invasive mechanical ventilation (IMV) as a follow-
up treatment. However, the use of IMV after NIV failure increases the duration of ventilation while increasing complications related to me-
chanical ventilation such as respiratory-associated pneumonia and in-hospital mortality.” Therefore, early identification of the causes of
IMV failure and prolonged ventilation time can lead to the adjustment of an accurate treatment plan for patients, thus improving prognosis,
reducing the length of hospital stay, and decreasing mortality.
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Machine learning is an emerging field of study that focuses on the development of algorithms and statistical models for computers to
perform tasks. without explicit programming. It is increasingly being applied in the field of respiratory diseases, especially in the early diag-
nosis,” disease change prediction, and prognosis of lung cancer,'’ COPD,"" interstitial lung diseases,'” and seizure |orediction4w3 As machine
learning has advanced, its applications have spread across various industries, especially in the medical field, becoming a powerful assistant for
radiologists and clinicians. In medical-related research,'” widely-used algorithms encompass support vector machines (SVMs), decision trees,
neural networks,"™'® deep learning,’ and so on."” It provides great value. This not only allows to reduce the burden of imaging physicians but
also provides a reference for clinicians’ treatment decisions, thus reducing unnecessary costs for patients at a later stage and improving dis-
ease prognosis and survival rates.'®

Conventional optimization methods, like exhaustive enumeration and Newton's method, often get stuck in local optima and result in high
computational complexity for these problems. In contrast, metaheuristic algorithms (MAs) have attracted considerable attention because of
their flexibility, simplicity, and ability to avoid local optima.'”?" It has been widely applied in economic emission,”'** medical diagnosis,”***
and parameter optimization.”> Moreover, due to its strong ability to escape local optima, it shows great promise in fields such as image de-
hazing,%'2

Recently, MAs have advanced significantly and have been widely applied to feature selection. There are several algorithms reported, such
as genetic algorithm (GA),”' hunger games search (HGS),” artemisinin optimization,”® polar lights optimization,* differential evolution
(DE),* slime mold algorithm (SMA),* fata morgana a|gorithm,37 colony predation algori‘thm,38 the weighted mean of vectors (INFO),*>”
educational competition optimizer,w parrot op‘cimizer,/H Runge Kutta optimizer (RUN),** Harris hawks optimization (HHO),** liver cancer al-
gorithm,** and so on. Chen et al. put forward HGS-based k-nearest neighbor (KNN) for high-dimensional feature selection.”> Wu et al. intro-
duced an evolving fuzzy k-nearest neighbor (FKNN) approach, enhanced by a sine cosine algorithm, for diagnosing lupus nephritis. This
method offers a viable solution for clinical decision-making.’® Wang et al. used an enhanced moth flame optimization with SVMs to assist
in lupus nephritis diagnosis.*” Hu et al. developed the potential of a kernel extreme learning machine (KELM) model using an enhanced binary
HHO for the early accurate evolution of COVID-19 severity.*® Ye et al. presented a multilayer perceptron (MLP)-based ant lion optimization
method to find a proper solution through the predictive intelligence process.”” Therefore, there are many classifiers based on MAs, including
KNN, FKNN, SVM, KELM, MLP, and so on.

Suetal. introduced an MA called RIME in 2023, drawing inspiration from the phenomenon of rime ice.*® While RIME has yielded promising
results in various engineering applications and on benchmark datasets, it struggles with feature selection due to limited exploration space,
leading to local optima entrapment and unsatisfactory convergence. To enhance RIME's accuracy and avoid local optima, we introduce an
enhanced version named DDRIME that combines dispersed foraging with a differential crossover operator. On one hand, the dispersed
foraging mechanism forces a portion of individuals to be dispersed into a new region to forage. This dispersal behavior makes it possible
to find an area with abundant food. On the other hand, the differential crossover operator further boosts the algorithm'’s exploration capacity,
helping to avoid entrapment in local optima and enhance individual optimization capabilities within the algorithm. To evaluate its perfor-
mance, we evaluate DDRIME against some existing algorithms on 83 functions. Our analysis, employing the Wilcoxon signed-rank test
(WSRT)®" and the Friedman test (FT),*” reveals that DDRIME outperforms both the conventional RIME algorithm and other MAs. Additionally,
to address the computational challenges and suboptimal performance of conventional feature selection methods, we employ statistical mea-
sures such as average (AVG), standard deviation (SD), and WSRT in the experiment. These metrics validate the optimization performance of
the DDRIME method.

In summary, the primary contributions of this work are as follows.

7 text privacy,”® vehicle communication,”” and video deblurring.*

(1) We proposed the RIME algorithm based on the dispersed foraging mechanism and differential crossover operator to improve the
global exploration search capacity and the likelihood of discovering the optimal solution.

(2) Through comparisons with several well-known algorithms on function tests, we have confirmed the exceptional performance of
DDRIME. Furthermore, we have applied the binary version of DDRIME based on KNN for feature selection.

(3) Experimental comparisons show that the DDRIME-KNN model outperforms many other methods on the public datasets for feature
selection, and the findings demonstrate that this method can improve accuracy.

(4) The DDRIME-KNN model compares against other classifiers and other algorithms on patients with AECOPD undergoing IMV dataset.

This single-center case-control study retrospectively collected medical records related to patients with AECOPD who underwent tracheal
intubation at hospital from October 2016 to October 2021 at the First Affiliated Hospital of Wenzhou Medical University, which is the AECOPD
dataset. The Clinical Research Ethics Committee of the First Affiliated Hospital of Wenzhou Medical University approved and reviewed this
study with the ethical approval code KY2023-R054.

Combined with the Global Initiative for Chronic Obstructive Lung Disease 2013, those who met the following 3 criteria were included: (1)
the diagnostic criteria for COPD (forced expiratory volume in 1's (FEV1)/forced vital capacity (FVC) <0.70 after inhalation of bronchodilators)
were met by spirometry, the current cough, sputum, and dyspnea were worse than usual, or the amount of sputum was increased, or yellow
sputum was coughed up, and a change in the medication regimen was required; (2) invasive ventilator-assisted ventilation was used during
treatment; and (3) tracheal intubation was performed in our hospital. Those who had any of the following were excluded: (1) abandoned treat-
ment for financial reasons, (2) tracheal intubation performed in an outside hospital, and (3) incomplete clinical data. IMV was defined to be
failed based on the following: (1) in-hospital death of a patient on IMV, (2) automatic discharge in critical condition, and (3) difficulty in with-
drawing the machine from the patient.
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Table 1. General characteristics of this study and its abbreviations

Features Abbreviation
C1 fungal infection FI
Cc2 multidrug resistant bacteria infection MDROI
Cc3 chronic heart failure CHF
Ca age Age
C5 gender Gender
Cé smoking history SH
Cc7 pectoral muscle area PMA
C8 D-dimer D-D
c9 fibrinogen FIB
c10 cardiopulmonary resuscitation CPR
C1 brain natriuretic peptide BNP
c12 bilirubin BR
C13 total protein TP
C14 albumin ALB
@5 serum creatinine SCR
C16 total cholesterol TC
c17 coronary artery disease CAD
C18 cerebral vascular disease CVD
Cc19 diabetes mellitus DM
C20 chronic renal failure CRF

The 84 patients were divided into the group with successful IMV (n = 46) and the group with failed IMV (n = 38) according to the prognosis
of IMV. All patients’ general information, blood test results, and other disease comorbidities are recorded. This study was statistically analyzed
using the SPSS 26.0 statistical software. Continuous variables with a normal distribution were analyzed using the Kolmogorov-Smirnov test
and presented as mean + standard deviation (_X + S), and the u test was utilized for comparison. Continuous variables with nonnormal dis-
tribution were analyzed using non-parametric tests and described as the median and interquartile range (IQR), count data were presented as
percentages (%), and t comparisons between groups were conducted using the chi-squared test or Fisher's exact test. Table 1 lists all metrics,
and their statistical analyses are presented in Tables 2 and 3.

RESULTS AND DISCUSSION

To demonstrate the positive performance of the dispersed foraging strategy and differential crossover operator on RIME, comparative ex-
periments are done on 83 functions. The effect of DDRIME is proved by comparing it to well-known algorithms on function tests. Subse-
quently, the binary version of DDRIME is used to select features on the public datasets. Lastly, the new algorithm is applied to the dataset
to select the optimal subset. The results validate that DDRIME solves the feature selection problem effectively. To reduce the impact of
randomness and enhance the reliability of the results, the maximum number of iterations is 300,000 and the population size is 30. Each method
is executed independently 30 times. In the experiments, the average value and ranking of the methods on functions are obtained by WRST
and the FT, which analyzed statistical results, with the following parameters: an alpha level of 0.05 and an anticipated effect size based on
literature review.”® The calculated minimum sample size required to achieve statistical significance was 0.05, which was then used to guide
our recruitment strategy. All tests in this work are performed on a Windows 11 machine utilizing MATLAB R2018b, featuring a 12th Gen Intel(R)
Core (TM) i7-12700H (2.30 GHz) CPU and 16.0 GB of RAM.

The interaction of the two mechanisms

There are 83 benchmark functions to evaluate the interaction of dispersed foraging mechanism and differential crossover operator on RIME,
including 23 classic function sets and 60 CEC functions. F1-F23 are the classic functions, F24-F53 are the CEC2014 benchmark functions,
and F54-F83 are the CEC2017 competition functions.” Test functions can be grouped into four categories: unimodal, hybrid, multimodal, and
composition. To demonstrate the robustness and applicability of DDRIME effectively, it is compared with the dispersed foraging RIME
(DFRIME), the differential evolution RIME (DERIME), and the conventional RIME. To be fair, all methods are conducted in the same experi-
mental environment. Meanwhile, to reduce the impact of randomness and enhance the reliability of the results, the maximum number of it-
erations is 300,000 and the population size is 30. Each method is executed independently 30 times. In the experiments, the average value and
ranking of the methods on functions are obtained by WRST®' and the FT,%” which analyzed statistical results.

iScience 27, 111230, December 20, 2024 3
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Table 2. General characteristics and comorbidities of the st ful and unst ful invasive mechanical ventilation groups
Successful
mechanical ventilation Mechanical ventilation

Index group (n = 46) failure group (n = 38) ¥? value p value

Gender male 67.40% 76.30% 0.812 0.367
female 32.60% 23.70%

SH no 58.70% 60.50% 0.029 0.865
yes 41.30% 39.50%

Fl no 91.30% 52.60% 16.100 0.000
yes 8.70% 47.40%

MDROI no 87.00% 78.90% 0.961 0.327
yes 13.00% 21.10%

CHF no 82.60% 60.50% 5.103 0.024
yes 17.40% 39.50%

CAD no 87.00% 89.50% 0.000 0.987
yes 13.00% 10.50%

CVD no 91.30% 86.80% 0.092 0.761
yes 8.70% 13.20%

DM no 73.90% 76.30% 0.064 0.800
yes 26.10% 23.70%

CRF no 93.50% 92.10% 0.000 1.000
yes 6.50% 7.90%

Comparison of mechanisms on benchmark functions

In the proposed method, we employ a dispersed foraging mechanism and differential crossover operator to amplify the population’s explo-
ration, thereby improving the optimization performance of RIME. To assess the influence of the mentioned two strategies on RIME, ablation
experiments are conducted on 83 benchmark functions. Table 4 shows the algorithms with mechanisms, where "DF” represents the dispersed
foraging mechanism and "DE” denotes the differential crossover operator. Table 5 presents the results of different variants on the test set.
Figure 1 illustrates convergence curves of RIME's variants on selected functions. Figure 2 presents the balance and diversity analysis of
DDRIME, compared to the original RIME.

In Table 5, "AVG" denotes the average results over 30 test function runs, while “SD" is the standard deviation. In Table 6, “AVR" denotes
the statistical evaluation of the algorithm’s mean performance on 83 benchmark functions. “Rank” indicates the ranking of the algorithm’s
effectiveness. From Tables 5 and 6 and Figure 1, it is evident that incorporating the dispersed foraging mechanism enhances the algorithm’s
exploration capability within the search space. Integrating these two strategies with RIME enhances population exploration and local exploi-
tation, preventing agents from becoming trapped in local optima and increasing the chances of finding the global optimum. Comparative
experimental evidence supports that the integration of dispersed foraging and differential crossover operators can significantly
strengthen RIME.

To further evaluate DDRIME, a set of experiments is used, and their results are discussed. In the balance analysis of Figure 2, an
incremental-decremental curve is added to show the exploitation and exploration abilities of DDRIME, DERIME, DFRIME, and RIME.
The balance and diversity analysis of F1, F3, F5, F7, F17, F18, F21, and F22 is presented in Figure 2. Red curve illustrates the exploration
phase, while the blue line indicates the exploitation phase. A green line stands for the incremental-decremental trend. The results
demonstrate that DDRIME has a larger exploration search ratio than RIME. If the local search is less than or equal to the global search,
the green line trends upward. Conversely, if the local search exceeds the global search, the green line trends downward. Ranging from
low to high, it illustrates the continuous impact of either local or global exploration efficiency. The introduction of a dispersed foraging
mechanism makes the functional test of DDRIME have better detection value than the traditional RIME, showing a comprehensive
exploration capacity.

Performance of advanced methods

In the study, DDRIME is compared to ensemble sinusoidal parameter adaptation incorporated with I-shade (LSHADE_cnEpSi), differential
evolution algorithm with ensemble of parameters and mutation strategies (EPSDE), differential evolution with linear population size
reduction (LSHADE), differential evolution with success-history based parameter adaptation (SADE), adaptive levy-assisted salp swarm algo-
rithm (WLSSA), weighted mean of vectors (INFO), hunger games search (HGS), slime mould algorithm (SMA), augmented Lagrange
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Table 3. Laboratory test results such as routine blood biochemistry in the group with successful and unsuccessful invasive mechanical ventilation

Successful mechanical Mechanical ventilation
Index ventilation group (n = 46) failure group (n = 38) p value
Age 75.00 (66.00-83.00) 76.50 (69.25-81.25) 0.978
TP 58.67 £ 6.79 57.16 £ 7.69 0.342
ALB 29.96 + 4.49 30.22 + 4.58 0.796
TC 3.76 + 1.00 4.16 +1.23 0.112
CPR 32.30 (7.55-87.60) 42.80 (17.30-90.00) 0.182
FIB 4.63 (3.30-6.59) 3.98 (3.09-5.48) 0.148
BNP 329.50 (139.75-841.68) 306.50 (149.25-1532.25) 0.497
BR 9.00 (7.75-12.25) 10.50 (7.00-15.00) 0.551
SCR 74.00 (53.25-102.50) 79.50 (53.50-150.50) 0.719
PMA 31.12 (23.09-40.73) 23.01 (16.66-28.96) 0.000
D-D 1.46 (0.89-2.41) 1.99 (1.38-3.50) 0.035

constrained particle swarm optimization (ALCPSO), improved grey wolf optimizer IGWO), and dispersed foraging slime mould algorithm
(DFSMA) on 60 test functions to further validate the optimization performance. By evaluating the magnitudes in the function optimization
test, we demonstrate that DDRIME is most likely to identify the optimal solution. Table 7 describes the results comparing DDRIME with 11
advanced methods, providing mean value (AVG) and standard deviation (STD) gained from 60 independent tests.

In a word, DDRIME demonstrates the top-ranked optimization performance on the 60 functions and achieves the best solutions in the ma-
jority of cases consistently. DDRIME ranks the best for optimal performance on the 60 benchmark functions, consistently providing the optimal
solutions in the majority of cases. In addition, based on the statistical test results, it is DDRIME that performs the best on 60 test functions, with
only a few functions performing worse than some other algorithms. This effectively validates the “there is no such thing as a free lunch” the-
orem since no single algorithm can perform the best in all optimization problems. The figure clearly shows that DDRIME attains notably
greater convergence accuracy and a quicker convergence rate compared to other methods. Moreover, the algorithm’s proficiency in evading
local optima is also shown.

In summary, the comparison with 11 well-known methods validates that DDRIME shows excellent performance on the 60 benchmark func-
tions test. Additionally, it demonstrates that dispersed foraging and differential crossover operators significantly increase RIME's ability to
identify the optimal solution and help agents avoid local optima.

The DDRIME-based KNN

The continuous DDRIME mentioned was adapted to a binary discrete version using a suitable transfer function (TF) to select a feature subset.
One sample was used as the test set to demonstrate the classification accuracy, while the remaining samples were used as the training set.
Based on KNN for feature selection, the field size k was set to 1. For fairness, all methods were executed on a main function with identical
population initialization. The main function’s parameters were as follows: a population size of 20, a fold value of 10, and a maximum of 50
evaluations. All the methods were conducted by the same software on the same hardware equipment.

Comparison of several public datasets

Besides, compared with other methods, several high-dimensional gene datasets were adopted. To evaluate the efficiency of the bDDRI-
ME_KNN model for feature selection, 12 datasets were used, which are presented in Table 8. We have included a brief description of the
12 datasets, as well as citations for the specific datasets mentioned”*: Brain_Tumor2, DLBCL, SRBCT, lonosphere, Leukemia, Leukemia1,

Table 4. Variants of RIME with mechanisms

Improvement mechanism

Variants DF DE
DDRIME J J
DFRIME J x
DERIME x J
RIME X X

iScience 27, 111230, December 20, 2024 5
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Table 5. Comparative average and standard deviation values for different variants
Function Metric DDRIME DFRIME DERIME RIME
F1 AVG 1.8601E-71 9.7142E-22 8.7941E-72 4.3819E-04
SD 5.0256E-71 1.1875E-21 2.4145E-71 3.0551E-04
F2 AVG 4.2533E-41 2.9640E-11 3.4600E-43 1.4370E-02
SD 2.7214E-41 1.8114E-11 3.1357E-43 6.6533E-03
=3 AVG 4.8862E-04 6.2082E-04 8.0676E-02 1.1897E+00
SD 3.8471E-04 8.1996E-04 4.0372E-02 3.6622E-01
F4 AVG 2.6710E-03 1.3365E-02 4.1087E-06 1.1519E-01
SD 3.5564E-03 5.9790E-03 2.1125E-05 4.4109E-02
F5 AVG 1.0811E+01 1.8073E+01 4.8424E+01 1.1551E+02
SD 1.9452E+01 1.8953E+01 3.1515E+01 1.0762E+02
Fé AVG 0.0000E+00 5.5039E-22 0.0000E+00 3.6366E-04
SD 0.0000E+00 7.8575E-22 0.0000E+00 1.8794E-04
F7 AVG 1.4449E-03 2.3381E-03 1.5679E-03 2.9493E-03
SD 4.9995E-04 9.1282E-04 6.7735E-04 9.1644E-04
F8 AVG —1.2222E+04 —1.1956E+04 —1.2277E+04 —1.1750E+04
SD 1.6746E+02 1.8558E+02 1.3831E+02 2.9231E+02
F9 AVG 8.8883E+00 1.3498E+01 7.3959E+00 1.0381E+01
SD 3.1019E+00 3.1537E+00 2.4327E+00 2.8346E+00
F10 AVG 6.2172E-15 4.3899E-12 7.8752E-15 4.3867E-03
SD 1.8067E-15 2.6642E-12 6.4863E-16 1.3357E-03
F11 AVG 0.0000E+00 1.3970E-03 0.0000E+00 1.0787E-02
SD 0.0000E+00 3.2165E-03 0.0000E+00 1.1985E-02
F12 AVG 1.5705E-32 2.4581E-24 1.5705E-32 1.5564E-06
SD 5.5674E-48 3.7182E-24 5.5674E-48 6.3357E-07
F13 AVG 1.3498E-32 1.2053E-22 1.3498E-32 2.2219E-03
SD 5.5674E-48 2.6974E-22 5.5674E-48 4.4756E-03
F14 AVG 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01
SD 1.1662E-16 2.2395E-16 2.7813E-16 1.4481E-15
F15 AVG 5.2115E-04 4.2958E-04 2.4085E-03 5.7218E-03
SD 3.9391E-04 3.1660E-04 6.0935E-03 8.9836E-03
F16 AVG —1.0316E+00 —1.0316E+00 —1.0316E+00 —1.0316E+00
SD 6.7752E-16 6.7752E-16 6.7752E-16 7.4589E-11
F17 AVG 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01
SD 0.0000E+00 0.0000E+00 3.2434E-16 2.4601E-10
F18 AVG 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00
SD 1.1216E-15 2.1789E-12 6.9271E-15 4.0928E-10
F19 AVG —3.8628E+00 —3.8628E+00 —3.8628E+00 —3.8628E+00
SD 2.7101E-15 2.7101E-15 2.7101E-15 3.6359E-10
F20 AVG —3.3220E+00 —3.3220E+00 —3.3220E+00 —3.3141E+00
SD 1.3297E-15 1.3297E-15 1.3424E-15 3.0164E-02
F21 AVG —1.0153E+01 —1.0153E+01 —9.9848E+00 —9.8164E+00
SD 7.2269E-15 7.2269E-15 9.2244E-01 1.2818E+00
F22 AVG —1.0403E+01 —1.0403E+01 —1.0403E+01 —1.0403E+01
SD 1.8067E-15 1.4752E-15 1.7764E-15 4.2718E-07
F23 AVG —1.0536E+01 —1.0536E+01 —1.0536E+01 —1.0536E+01
(Continued on next page)
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Table 5. Continued

Function Metric DDRIME DFRIME DERIME RIME
SD 1.6160E-15 1.8067E-15 1.7455E-15 4.1745E-07
F24 AVG 2.9007E+05 1.9976E+05 1.3297E+06 2.6566E+06
SD 1.5511E+05 1.1785E+05 7.2949E+05 9.4451E+05
F25 AVG 2.0000E+02 2.0000E+02 4.9997E+03 1.0536E+04
SD 1.0556E-14 1.1073E-07 7.3560E+03 1.1312E+04
F26 AVG 3.0000E+02 3.0000E+02 3.2315E+02 3.3471E+02
SD 3.5009E-14 8.1115E-09 2.0538E+01 2.4013E+01
F27 AVG 4.1850E+02 4.2106E+02 4.6037E+02 4.9009E+02
SD 2.9648E+01 3.1402E+01 4.1877E+01 3.2535E+01
F28 AVG 5.2004E+02 5.2001E+02 5.2003E+02 5.2002E+02
SD 3.8778E-02 1.4577E-02 4.4356E-02 3.6368E-02
F29 AVG 6.0842E+02 6.0966E+02 6.0803E+02 6.1224E+02
SD 3.0249E+00 3.3724E+00 2.7274E+00 2.8164E+00
F30 AVG 7.0000E+02 7.0000E+02 7.0000E+02 7.0002E+02
SD 1.5645E-11 1.3503E-03 1.7151E-13 1.2452E-02
F31 AVG 8.0998E+02 8.1214E+02 8.0803E+02 8.1005E+02
SD 2.5665E+00 3.5864E+00 2.8375E+00 2.6563E+00
F32 AVG 9.5036E+02 9.6130E+02 9.5782E+02 9.8049E+02
sD 1.1139E+01 1.3356E+01 1.6633E+01 1.7497E+01
F33 AVG 1.2873E+03 1.4016E+03 1.3057E+03 1.4070E+03
SD 2.1423E+02 2.1481E+02 2.1626E+02 1.6089E+02
F34 AVG 3.6199E+03 3.5975E+03 3.7869E+03 3.6792E+03
SD 4.9217E+02 4.1883E+02 5.6428E+02 3.9123E+02
F35 AVG 1.2001E+03 1.2001E+03 1.2002E+03 1.2002E+03
SD 4.8793E-02 4.8630E-02 9.2089E-02 1.1146E-01
F36 AVG 1.3002E+03 1.3003E+03 1.3002E+03 1.3004E+03
SD 5.5535E-02 6.1950E-02 5.5494E-02 8.2390E-02
F37 AVG 1.4003E+03 1.4003E+03 1.4003E+03 1.4003E+03
SD 4.1032E-02 1.2695E-01 1.2882E-01 1.7253E-01
F38 AVG 1.5039E+03 1.5042E+03 1.5042E+03 1.5062E+03
SD 9.8454E-01 1.2019E+00 1.2010E+00 2.2248E+00
F39 AVG 1.6101E+03 1.6107E+03 1.6105E+03 1.6112E+03
SD 6.1360E-01 6.0834E-01 5.9736E-01 7.9505E-01
F40 AVG 4.0989E+03 3.0723E+03 2.9794E+05 2.1518E+05
SD 2.1102E+03 6.0649E+02 2.0331E+05 1.2226E+05
F41 AVG 1.9465E+03 1.9100E+03 5.4468E+03 5.6641E+03
SD 6.4735E+02 2.2651E+02 3.5681E+03 4.4677E+03
F42 AVG 1.9059E+03 1.9069E+03 1.9123E+03 1.9248E+03
SD 1.7029E+00 1.3922E+00 1.7694E+01 3.2861E+01
F43 AVG 2.0146E+03 2.0415E+03 2.0407E+03 2.0873E+03
SD 5.0918E+00 1.9143E+01 2.7014E+01 3.2462E+01
F44 AVG 2.4565E+03 2.5670E+03 1.0131E+05 1.0723E+05
sD 2.0382E+02 1.5826E+02 6.8192E+04 8.6069E+04
F45 AVG 2.4222E+03 2.4448E+03 2.4947E+03 2.5140E+03
sD 1.1907E+02 1.1021E+02 1.5817E+02 1.4258E+02

(Continued on next page)
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Table 5. Continued
Function Metric DDRIME DFRIME DERIME RIME
F46 AVG 2.6152E+03 2.6152E+03 2.6152E+03 2.6152E+03
SD 1.3876E-12 2.1743E-12 1.3876E-12 3.0965E-03
F47 AVG 2.6270E+03 2.6278E+03 2.6269E+03 2.6304E+03
SD 3.6777E+00 5.4362E+00 4.4958E+00 6.0206E+00
F48 AVG 2.7040E+03 2.7045E+03 2.7053E+03 2.7071E+03
SD 8.7574E-01 1.3152E+00 1.6584E+00 2.0832E+00
F49 AVG 2.7002E+03 2.7036E+03 2.7036E+03 2.7070E+03
SD 3.3210E-02 1.8220E+01 1.8240E+01 2.5337E+01
F50 AVG 3.1368E+03 3.1375E+03 3.1736E+03 3.3196E+03
SD 6.4709E+01 7.1903E+01 9.2861E+01 1.4760E+02
F51 AVG 3.6506E+03 3.6575E+03 3.6704E+03 3.8073E+03
SD 5.6426E+01 5.0374E+01 6.1307E+01 2.0842E+02
F52 AVG 2.8379E+05 3.7342E+03 4.5983E+03 5.9799E+05
SD 1.5339E+06 1.5719E+02 5.9369E+02 2.2592E+06
F53 AVG 5.1089E+03 4.7897E+03 5.9969E+03 6.6131E+03
SD 8.5169E+02 1.0121E+03 7.9102E+02 1.1739E+03
F54 AVG 1.0000E+02 1.0000E+02 3.2677E+03 4.9254E+03
SD 1.2093E-14 8.9509E-04 4.1977E+03 5.2872E+03
F55 AVG 2.0490E+02 2.3097E+02 2.0000E+02 2.1801E+02
SD 9.3164E+00 1.3625E+02 1.0677E-04 3.3551E+01
F56 AVG 3.0002E+02 3.0006E+02 3.0031E+02 3.0118E+02
SD 1.7696E-02 4.4800E-02 1.6592E-01 6.2750E-01
F57 AVG 4.4022E+02 4.3344E+02 4.8149E+02 4.8267E+02
SD 2.7530E+01 3.3683E+01 2.2956E+01 2.2177E+01
F58 AVG 5.5205E+02 5.5733E+02 5.5424E+02 5.7637E+02
SD 1.0644E+01 1.2216E+01 1.2607E+01 1.9672E+01
F59 AVG 6.0000E+02 6.0005E+02 6.0000E+02 6.0041E+02
SD 0.0000E+00 1.0517E-01 4.7206E-14 5.9418E-01
F60 AVG 7.7317E+02 7.9079E+02 7.7917E+02 8.0735E+02
SD 1.3062E+01 1.2027E+01 1.4189E+01 2.1085E+01
F61 AVG 8.5255E+02 8.5701E+02 8.5334E+02 8.8500E+02
SD 9.6277E+00 1.2652E+01 1.4941E+01 1.9894E+01
F62 AVG 9.0126E+02 9.1282E+02 9.0136E+02 1.3384E+03
SD 3.9160E+00 1.8030E+01 2.5690E+00 6.4239E+02
F63 AVG 3.8273E+03 3.6933E+03 3.8400E+03 3.8373E+03
SD 4.6156E+02 5.8965E+02 6.1400E+02 6.3550E+02
Fé64 AVG 1.1384E+03 1.1587E+03 1.1389E+03 1.1752E+03
SD 2.3803E+01 3.0441E+01 2.3707E+01 3.1583E+01
F65 AVG 1.2627E+04 1.3635E+04 3.1720E+05 2.4220E+06
SD 1.1929E+04 1.2239E+04 2.8972E+05 1.5504E+06
F66 AVG 1.3678E+03 5.7340E+03 2.2338E+04 1.6538E+04
SD 1.8817E+01 1.5438E+04 2.1837E+04 1.7765E+04
F67 AVG 1.4363E+03 1.4442E+03 1.3091E+04 1.1660E+04
SD 4.7852E+00 9.6610E+00 8.2575E+03 6.5395E+03
F68 AVG 1.5238E+03 1.5835E+03 1.0131E+04 1.2820E+04
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Table 5. Continued

Function Metric DDRIME DFRIME DERIME RIME
SD 1.7042E+01 3.4290E+01 1.0832E+04 1.3566E+04
Fé69 AVG 2.0205E+03 2.0472E+03 2.1895E+03 2.3726E+03
SD 2.0356E+02 2.1399E+02 2.4084E+02 2.3479E+02
F70 AVG 1.8226E+03 1.8772E+03 1.9057E+03 2.0749E+03
SD 9.1160E+01 1.0709E+02 1.2328E+02 1.6603E+02
F71 AVG 1.8741E+03 1.8855E+03 2.3605E+05 2.9805E+05
SD 3.6741E+01 2.7084E+01 1.8125E+05 2.8034E+05
F72 AVG 1.9150E+03 1.9273E+03 1.3923E+04 1.3290E+04
SD 2.7037E+00 7.2848E+00 1.1474E+04 1.3010E+04
F73 AVG 2.1724E+03 2.1863E+03 2.2346E+03 2.3209E+03
SD 8.7555E+01 9.0518E+01 1.1882E+02 1.5443E+02
F74 AVG 2.3497E+03 2.3627E+03 2.3539E+03 2.3877E+03
SD 9.6511E+00 1.2206E+01 1.2133E+01 1.6062E+01
F75 AVG 3.0052E+03 3.6361E+03 3.6423E+03 4.1611E+03
SD 1.3323E+03 1.4843E+03 1.7228E+03 1.4772E+03
F76 AVG 2.7088E+03 2.7119E+03 2.7078E+03 2.7401E+03
SD 1.4809E+01 1.5508E+01 2.0693E+01 2.2412E+01
F77 AVG 2.8790E+03 2.8919E+03 2.9031E+03 2.9129E+03
sD 1.4327E+01 2.1212E+01 1.8021E+01 2.0088E+01
F78 AVG 2.8865E+03 2.8877E+03 2.8875E+03 2.8922E+03
SD 1.2329E+00 7.0240E+00 1.4457E+00 1.1160E+01
F79 AVG 4.1420E+03 4.2913E+03 4.2957E+03 4.7083E+03
SD 3.7964E+02 3.4288E+02 1.4508E+02 2.9169E+02
F80 AVG 3.2043E+03 3.2053E+03 3.2106E+03 3.2236E+03
SD 5.0491E+00 8.4047E+00 7.8013E+00 1.6272E+01
F81 AVG 3.1685E+03 3.1353E+03 3.1934E+03 3.2099E+03
SD 5.7934E+01 4.9897E+01 6.5046E+01 4.4007E+01
F82 AVG 3.4070E+03 3.5456E+03 3.4961E+03 3.6656E+03
SD 8.0357E+01 9.5470E+01 1.1232E+02 1.5435E+02
F83 AVG 5.3386E+03 5.4752E+03 1.0132E+04 1.6258E+04
SD 3.2019E+02 4.4161E+02 4.1706E+03 1.1750E+04

Leukemia2, penglung, Prostate_Tumor, Lung_Cancer, Tumors_11, and Tumors_14. This additional information will enhance the clarity and
comprehensiveness of our work.

Traditional and state-of-the-art methods are taken as a comparison with the bDDRIME_KNN model. In this section, bDDRIME is compared
with 11 algorithms, including bSMA, bHGS, bHHO, bRUN, bIGWO, bDFSMA, bISMA, bAOA, bINFO, bGBO, and bRIME. The initialization of
the primary feature in the 12 datasets is set to values between —1 and 1. Following established rules in the renowned machine learning liter-

5556 we use a 10-fold cross-validation(CV) to obtain unbiased and accurate results. The statistical outcomes, including several selected

ature,
features, classification error rate, comparison time cost, and best fitness values are presented in Tables 8, 9, 10, and 11.

Tables 8, 9, and 10 present that bDDRIME is superior to other versions in terms of mean error rate, mean fitness value, and mean number of
selected features. The bDDRIME_KNN model ranks first and can find the most suitable subsets of features across 12 datasets. Therefore, it is
crucial to select a subset of the optimal number. Here, the bDDRIME_KNN model ranks first on average among the mentioned methods. The
optimal fitness gained by the KNN classifier from the running method is graphically described as a curve, which intuitively shows the advan-
tage of the bDDRIME_KNN model in feature selection. This ensures that the optimal candidate is chosen. The dispersed foraging mechanism
periodically reassigns population agents to the best positions, preventing them from becoming trapped in local optima, while the differential
crossover operator enhances convergence and accelerates local search capabilities.

The size of the dataset and the algorithm’s ability to converge influence the method's speed. As shown in Table 11, the bDDRIME_KNN
model needs more execution time than traditional methods due to the addition search operator of dispersed foraging and differential
crossover.

iScience 27, 111230, December 20, 2024 9
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Figure 1. Convergence curves of different RIME methods
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Figure 3 shows the best score so far of the bDDRIME fitness on 12 datasets. In contrast, it can be seen that the difference between the
bRIME and other methods is significant on 12 datasets. The bDDRIME method with excellent performance finds a perfect value at startup
temporarily and evaluates the individual's fitness when it updates position. It guarantees the selection of the top candidates. To avoid slipping
into local optimality, dispersed foraging and differential crossover will update population locations with the current optimal to ensure the
diversity of algorithms occasionally. The modified mechanisms will improve the algorithm’s convergence speed and its ability to mine
data effectively.
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Figure 2. Balance and diversity analysis of the proposed methods
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Table 6. p values gained by Wilcoxon test
Function DDRIME DFRIME DERIME RIME
F1 - 1.734E-06 1.064E-01 1.734E-06
F2 - 1.734E-06 1.734E-06 1.734E-06
=3 - 5.577E-01 1.734E-06 1.734E-06
F4 - 5.7522E-06 1.921E-06 1.734E-06
F5 - 6.639E-04 1.921E-06 4.729E-06
Fé - 1.734E-06 1.000E+00 1.734E-06
F7 - 2.831E-04 4.908E-01 2.603E-06
F8 - 7.196E-05 2.475E-01 2.879E-06
Fo - 2.956E-05 6.598E-02 1.566E-02
F10 - 1.732E-06 1.221E-04 1.734E-06
F11 - 1.953E-03 1.000E+00 1.734E-06
F12 - 1.734E-06 1.000E+00 1.734E-06
F13 - 1.734E-06 1.000E+00 1.734E-06
F14 - 2.148E-02 3.906E-02 1.977E-07
F15 - 5.431E-01 1.747E-01 8.188E-05
F16 - 1.000E+00 1.000E+00 1.734E-06
F17 - 1.000E+00 1.000E+00 1.734E-06
F18 - 1.763E-04 1.242E-04 1.734E-06
F19 - 1.000E+00 1.000E+00 1.734E-06
F20 - 1.000E+00 1.000E+00 1.734E-06
F21 - 1.000E+00 1.000E+00 1.734E-06
F22 - 1.000E+00 1.000E+00 1.734E-06
F23 - 1.000E+00 1.000E+00 1.734E-06
F24 - 1.108E-02 1.921E-06 1.734E-06
F25 - 1.734E-06 1.734E-06 1.734E-06
F26 - 1.734E-06 1.734E-06 1.734E-06
F27 - 7.655E-01 2.597E-05 2.353E-06
F28 - 1.593E-03 4.048E-01 1.064E-01
F29 - 1.779E-01 5.999E-01 3.317E-04
F30 - 2.915E-05 1.250E-01 1.734E-06
F31 - 9.714E-03 1.169E-02 4.6528E-01
F32 - 9.627E-04 5.446E-02 5.2165E-06
BE8 - 8.590E-02 9.263E-01 1.2453E-02
F34 - 7.813E-01 1.254E-01 7.9710E-01
F35 - 4.780E-01 1.175E-02 1.7988E-05
F36 - 5.710E-02 4.653E-01 8.4661E-06
F37 - 6.733E-01 2.415E-03 6.8359E-03
F38 - 5.038E-01 4.405E-01 4.8603E-05
F39 - 8.944E-04 3.001E-02 1.2381E-05
F40 - 4.992E-03 1.734E-06 1.7344E-06
F41 - 5.307E-05 1.127E-05 1.9209E-06
F42 - 2.703E-02 3.001E-02 2.1266E-06
F43 - 1.921E-06 3.515E-06 1.7344E-06
Fa44 - 6.268E-02 1.734E-06 1.7344E-06
F45 - 2.536E-01 4.716E-02 1.5658E-02
(Continued on next page)
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Table 6. Continued

Function DDRIME DFRIME DERIME RIME

Fa6 - 5.000E-01 1.000E+00 1.7344E-06
F47 - 7.189E-01 5.440E-01 4.2767E-02
F48 - 5.193E-02 3.317E-04 3.5152E-06
F49 - 2.703E-02 6.319E-05 1.7344E-06
F50 - 5.304E-01 1.064E-01 4.2857E-06
F51 - 7.971E-01 1.470E-01 1.1499E-04
F52 - 5.999E-01 5.792E-05 4.8603E-05
F53 - 1.204E-01 1.709E-03 2.3704E-05
F54 - 1.734E-06 1.734E-06 1.7344E-06
F55 - 1.109E-01 9.263E-01 1.6566E-02
F56 - 2.052E-04 1.734E-06 1.7344E-06
F57 - 2.536E-01 3.405E-05 1.4936E-05
F58 - 4.949E-02 8.130E-01 2.5967E-05
F59 - 1.734E-06 1.000E+00 1.7344E-06
F60 - 6.892E-05 1.254E-01 5.2165E-06
F61 - 1.020E-01 9.589E-01 5.2165E-06
F62 - 1.038E-04 1.240E-01 1.7344E-06
F63 - 3.185E-01 8.774E-01 9.7539E-01
Fé4 - 2.067E-02 5.857E-01 1.8910E-04
F65 - 6.288E-01 1.734E-06 1.7344E-06
Fé66 - 1.734E-06 1.734E-06 1.7344E-06
F67 - 9.711E-05 1.734E-06 1.7344E-06
F68 - 2.127E-06 1.921E-06 1.7344E-06
F69 - 7.499E-01 2.958E-03 1.1265E-05
F70 - 1.657E-02 1.479E-02 6.9838E-06
F71 - 3.683E-02 1.734E-06 1.7344E-06
F72 - 2.127E-06 1.734E-06 1.7344E-06
F73 - 8.774E-01 4.716E-02 2.2248E-04
F74 - 1.477E-04 2.369E-01 1.9209E-06
&5 - 7.271E-03 8.402E-02 1.4839E-03
F76 - 2.210E-01 7.655E-01 2.603E-06
F77 - 1.957E-02 1.799E-05 6.984E-06
F78 - 2.369E-01 4.897E-04 5.706E-04
F79 - 1.479E-02 4.4920E-02 4.729E-06
F80 - 5.999E-01 1.382E-03 5.217E-06
F81 - 2.067E-02 2.134E-01 6.639E-04
F82 - 7.514E-05 4.682E-03 5.217E-06
F83 - 1.204E-01 1.734E-06 1.734E-06
+/—/= / 41/5/37 39/4/40 79/0/4
ARV 1.301205 2.192771 2.325301 3.86747
Rank 1 2 3 4

Experiment on the AECOPD dataset

To illustrate the performance of the bDDRIME_KNN model on the AECOPD dataset, it is compared with six commonly used classifiers by
time, accuracy (ACC), specificity, precision, Matthews correlation coefficients (MCCs), and F-measure. The results prove that bDDRIME_KNN
compares against other classifiers in five performance metrics. Although the time cost of the proposed bDDRIME_KNN is more than others,
the values of ACC, specificity, precision, MCC, and F-measure are higher than others.

iScience 27, 111230, December 20, 2024 13



145

%20z ‘0z 48qwiddeQ ‘0€ZL L1 /Z ®2UdIdS!

Table 7. Comparative results with the mentioned algorithms

LSHADE
Function Metric DDRIME cnEpSi EPSDE LSHADE SADE WLSSA INFO HGS SMA ALCPSO IGWO DFSMA
F24 AVG 2.624E+05  4.590E+03 1.238E+05  3.528E+03  4.552E+05  3.919E+06  2.742E+04  2.617E+06 2.111E+06 5.903E+06 1.585E+07  5.119E+04
SD 1.692E+05  3.339E+03  6.552E+05  6.908E+03  4.469E+05 1.481E+06  2.569E+04  4.762E+06 8.784E+05 6.407E+06  5.205E+06  4.044E+04
F25 AVG 2.000E+02  2.000E+02  2.000E+02  2.000E+02  2.000E+02  8.865E+03  2.000E+02 1.178E+04 1.261E+04 2.766E+03  2.697E+06  2.000E+02
SD 1.056E-14 4.819E-09 1.117E-13 4.255E-14 2.209E-08 8.186E+03  2.435E-06 1.403E+04 1.202E+04  3.703E+03 1.265E+06  6.962E-07
F26 AVG 3.000E+02  3.000E+02  3.000E+02  3.000E+02  4.297E+02 1.417E+04  3.000E+02  7.099E+03 3.849E+02 4.338E+02  6.673E+03  3.000E+02
SD 3.9495E-14  2.046E-12 2.597E-10 1.934E-12 3.036E+02  4.278E+03  4.039E-06 3.656E+03  1.143E+02 3.584E+02  2.268E+03 1.194E-06
F27 AVG 4.143E+02  4.115E+02  4.108E+02  4.077E+02  4.353E+02  5.091E+02  4.099E+02  5.038E+02 5.053E+02 5.265E+02  5.310E+02  4.084E+02
SD 2.689E+01  3.345E+01 5.302E+00  2.002E+01 3.939E+01 4.460E+01 2.387E+01 3.410E+01  3.411E+01 5.596E+01 2.652E+01 1.959E+01
F28 AVG 5.201E+02  5.200E+02  5.203E+02  5.200E+02  5.205E+02  5.201E+02  5.202E+02  5.200E+02 5.208E+02 5.208E+02  5.205E+02  5.208E+02
SD 5.685E-02 7.585E-03 2.989E-02 4.656E-02 4.946E-02 1.262E-01 1.280E-01 5.280E-02  1.502E-01  5.762E-02 1.334E-01 6.561E-02
F29 AVG 6.081E+02  6.119E+02  6.177E+02  6.117E+02  6.084E+02  6.129E+02  6.221E+02  6.176E+02 6.159E+02 6.174E+02  6.189E+02  6.114E+02
SD 3.353E+00  2.746E+00  2.513E+00  2.720E+00  2.366E+00  3.869E+00  3.562E+00  2.968E+00 2.569E+00 3.554E+00  3.592E+00  3.872E+00
F30 AVG 7.000E+02 7.000E+02  7.000E+02  7.000E+02  7.000E+02  7.000E+02  7.001E+02  7.000E+02 7.003E+02 7.000E+02  7.009E+02  7.000E+02
SD 9.364E-11 1.518E-02 1.255E-02 1.201E-02 1.879E-02 9.515E-03 1.756E-01 2.485E-02  9.556E-02  1.759E-02 1.105E-01 8.406E-05
F31 AVG 8.111E+02  8.026E+02  8.000E+02  8.000E+02  8.015E+02  9.243E+02  9.071E+02  8.042E+02 8.109E+02 8.202E+02  8.788E+02  8.349E+02
SD 3.464E+00  2.226E+00 1.816E-01 2.058E-13 1.425E+00  2.782E+01 2.428E+01 5.029E+00 3.008E+00 7.319E+00 1.423E+01 8.249E+00
F32 AVG 9.468E+02  9.384E+02  9.403E+02  9.326E+02  9.468E+02 1.051E+03 1.038E+03 1.022E+03  9.979E+02 1.003E+03 1.012E+03  9.709E+02
SD 1.221E+01  6.1487E+00 1.121E+01 7.461E+00  1.247E+01 3.075E+01 3.142E+01 2.719E+01  3.034E+01 2.970E+01 1.663E+01 1.653E+01
F33 AVG 1.341E+03  1.092E+03 1.001E+03 1.0162E+03 1.002E+03  4.019E+03  2.924E+03 1.238E+03 1.609E+03 1.544E+03  3.323E+03  2.083E+03
SD 1.644E+02  8.034E+01 1.034E+00  4.084E+01 2.058E+00  8.112E+02  5.956E+02 1.445E+02 1.729E+02 2.438E+02  6.323E+02  3.501E+02
F34 AVG 3.624E+03  2.656E+03  4.444E+03  2.890E+03  3.054E+03  4.693E+03  4.950E+03  3.795E+03 4.119E+03 4.145E+03  4.237E+03  3.882E+03
SD 5.786E+02  2.634E+02  7.726E+02  2.961E+02  5.355E+02  5.844E+02  6.331E+02  4.824E+02 5.685E+02 5.986E+02  6.219E+02  4.317E+02
F35 AVG 1.200E+03  1.200E+03 1.201E+03 1.200E+03 1.200E+03 1.200E+03 1.200E+03 1.200E+03  1.200E+03  1.202E+03 1.201E+03 1.201E+03
SD 6.016E-02 2.189E-02 7.645E-02 5.076E-02 9.058E-02 2.149E-01 1.657E-01 5.406E-02  1.226E-01  4.759E-01 2.936E-01 2.798E-01
F36 AVG 1.300E+03  1.300E+03 1.300E+03 1.300E+03 1.300E+03 1.3005E+03  1.301E+03 1.301E+03  1.300E+03 1.301E+03 1.301E+03 1.300E+03
SD 5.428E-02 8.495E-02 4.652E-02 7.510E-02 4.714E-02 1.1562E-01  1.143E-01 9.021E-02  1.208E-01  8.929E-02 1.397E-01 4.827E-02
F37 AVG 1.400E+03  1.400E+03 1.400E+03 1.400E+03 1.400E+03  1.4003E+03  1.400E+03 1.401E+03 1.401E+03 1.401E+03 1.401E+03 1.400E+03
SD 8.078E-02 1.009E-01 1.203E-01 1.662E-01 3.766E-02 1.6951E-01  1.744E-01 3.064E-01  2.543E-01  3.166E-01 3.602E-01 2.769E-02
F38 AVG 1.504E+03  1.507E+03 1.506E+03 1.506E+03 1.506E+03 1.5068E+03  1.539E+03 1.511E+03 1.507E+03  1.511E+03 1.518E+03 1.507E+03
SD 8.159E-01 4.051E+00 1.041E+00  2.296E+00 1.625E+00  2.8270E+00 3.804E+01 4.372E+00 1.906E+00 4.594E+00  4.418E+00 1.752E+00
F39 AVG 1.610E+03  1.609E+03 1.6110E+03  1.6094E+03 1.611E+03 1.612E+03 1.612E+03 1.611E+03  1.611E+03 1.612E+03 1.6114E+03  1.612E+03
SD 6.495E-01 5.592E-01 3.939E-01 6.290E-01 5.215E-01 6.729E-01 5.932E-01 7.509E-01  6.120E-01  5.897E-01 6.543E-01 4.269E-01
F40 AVG 3.725E+03  3.407E+03  5.564E+04  3.386E+03  4.557E+04  2.427E+05  7.346E+03  3.858E+05 2.966E+05 6.918E+05  8.498E+05  2.822E+03

(Continued on next page)
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Table 7. Continued ‘7)
LSHADE_ Q.
Function Metric DDRIME cnEpSi EPSDE LSHADE SADE WLSSA INFO HGS SMA ALCPSO IGWO DFSMA ()
SD 1.279E+03  4.584E+02 6.329E+04 6.108E+02 3.118E+04 1.734E+05 4.620E+03 2.209E+05 1.183E+05 8.091E+05 5.636E+05 2.641E+02 g
F41 AVG 2.195E+03  1.952E+03  3.433E+03  1.949E+03  2.845E+03  6.977E+03  5.948E+03  1.324E+04 1.829E+04 7.571E+03  2.279E+04  1.871E+03 (]
SD 1.992E+03  6.824E+01 3.056E+03 7.689E+01 1.388E+03 6.835E+03 5.466E+03 9.629E+03  9.525E+03  6.782E+03 2.928E+04 1.203E+01
F42 AVG 1.906E+03 1.910E+03 1.913E+03 1.908E+03 1.907E+03 1.912E+03 1.914E+03 1.920E+03 1.921E+03 1.917E+03 1.915E+03 1.907E+03
SD 1.328E+00  2.304E+00 1.091E+00 1.802E+00 1.105E+01 2.134E+00 1.492E+01 2.443E+01 2.845E+01 2.687E+01 2.632E+00 7.568E-01
F43 AVG 2.014E+03  2.284E+03  2.258E+03  2.809E+03  2.668E+03  4.701E+03  2.203E+03  6.256E+03 2.176E+03 3.061E+03  3.728E+03  2.048E+03
SD 4.384E+00  1.102E+02 9.435E+02 2.279E+03 5.272E+02 2.297E+03 8.029E+01 2.716E+03  5.185E+01 5.291E+02 2.014E+03 1.483E+01
F44 AVG 2.437E+03  3.179E+03 1.246E+04 2.798E+03 2.258E+04 8.741E+04 5.171E+03 2.402E+05 1.506E+05 1.130E+05 2.855E+05 2.711E+03
SD 1.922E+02  2.915E+02 1.327E+04 2.539E+02 1.819E+04 5.412E+04 2.373E+03 2.269E+05 5.612E+04 2.304E+05 2.522E+05 1.617E+02
F45 AVG 2.409E+03  2.457E+03 2.439E+03 2.399E+03 2.342E+03 2.586E+03 2.802E+03 2.761E+03  2.655E+03  2.609E+03 2.541E+03 2.402E+03
SD 1.052E+02 1.172E+02 1.002E+02 1.071E+02 6.746E+01 1.568E+02 1.969E+02 2.422E+02  1.680E+02 2.057E+02 1.507E+02 9.580E+01
Fa6 AVG 2.615E+03  2.615E+03  2.614E+03  2.615E+03  2.615E+03  2.500E+03  2.500E+03  2.500E+03 2.500E+03 2.615E+03  2.620E+03  2.500E+03
SD 1.388E-12 1.782E-01 2.927E-12 2.034E-12 1.335E-12 0.000E+00 0.000E+00 0.000E+00 0.000E+00 1.623E-01 1.742E+00 0.000E+00
F47 AVG 2.628E+03  2.639E+03 2.633E+03 2.642E+03 2.631E+03 2.600E+03 2.600E+03 2.600E+03 2.600E+03 2.638E+03 2.600E+03 2.600E+03
SD 4.305E+00  5.918E+00 7.278E+00 5.025E+00 5.829E+00 0.000E+00 0.000E+00 1.319E-04  0.000E+00 8.211E+00 3.525E-03 0.000E+00
F48 AVG 2.704E+03  2.708E+03 2.700E+03 2.707E+03 2.712E+03 2.700E+03 2.700E+03 2.700E+03 2.700E+03 2.711E+03 2.709E+03 2.700E+03
SD 8.488E-01 3.969E+00 2.369E-01 4.024E+00 1.875E+00 0.000E+00 0.000E+00 0.000E+00 0.000E+00 3.713E+00 2.290E+00 0.000E+00
F49 AVG 2.700E+03  2.717E+03 2.700E+03 2.704E+03 2.720E+03 2.701E+03 2.714E+03 2.744E+03 2.701E+03 2.750E+03 2.708E+03 2.700E+03
SD 5.710E-02 3.775E+01 5.461E-02 1.819E+01 4.059E+01 1.273E-01 3.444E+01 5.002E+01  1.318E-01 7.126E+01 1.381E-01 5.944E-02
F50 AVG 3.136E+03  3.294E+03 3.479E+03 3.274E+03 3.177E+03 2.900E+03 2.900E+03 2.900E+03 2.900E+03 3.492E+03 3.111E+03 2.900E+03
SD 5.973E+01 1.179E+02 1.093E+02 1.055E+02 6.017E+01 0.000E+00 0.000E+00 0.000E+00 0.000E+00 2.2715E+02 4.156E+00 0.000E+00
F51 AVG 3.650E+03  4.047E+03 3.211E+03 3.795E+03 3.731E+03 3.000E+03 3.000E+03 3.000E+03 3.000E+03 4.520E+03 3.862E+03 3.000E+03
SD 3.787E+01 2.646E+02 1.592E+01 2.136E+02 4.989E+01 0.000E+00 0.000E+00 0.000E+00 0.000E+00 6.836E+02 1.729E+02 0.000E+00
F52 AVG 5.638E+05  3.708E+03 3.114E+03 3.675E+03 4.108E+03 3.100E+03 2.834E+05 4.083E+03 3.928E+03 1.687E+06 3.235E+06 3.100E+03
SD 2.132E+06  4.877E+01 1.316E+00 3.785E+01 2.748E+02 0.000E+00 1.534E+06 2.449E+03 1.108E+03 4.310E+06 5.572E+06 0.000E+00
F53 AVG 4919E+03  6.123E+03  3.546E+03  5.813E+03  5.108E+03  3.200E+03  6.744E+03  3.254E+03 5.522E+03 1.760E+04  2.975E+04  3.200E+03
SD 8.095E+02 1.405E+03 1.406E+02 1.367E+03 6.497E+02 2.159E-12 1.540E+03 2.966E+02  1.349E+03 1.837E+04 1.570E+04 0.000E+00
F54 AVG 1.000E+02  1.000E+02  1.000E+02  1.000E+02  2.015E+03  4.876E+03  1.000E+02  4.590E+03 8.241E+03 6.149E+03  1.917E+06  1.000E+02
SD 1.119E-14 1.392E-09 1.183E-09 5.691E-13 2.208E+03 5.939E+03 4.940E-04 2.539E+03 8.509E+03  6.134E+03 9.497E+05 1.413E-02
F55 AVG 2.012E +02 2.000E+02  1.604E+14  2.000E+02  3.900E+12  4.323E+06  2.000E+02  6.761E+15 2.005E+02 7.046E+17  2.474E+13  8.218E+05 %
SD 3.564E+00  3.632E-05 8.785E+14 5.102E-06 1.481E+13 1.101E+07 4.774E-04 3.703E+16 2.806E+00 2.194E+18 6.171E+13 2.187E+06 % O
F56 AVG 3.000E+02  3.000E+02  7.489E+03  1.182E+04  4.088E+02  3.000E+02  3.000E+02  1.245E+03 3.000E+02 2.659E+04  1.269E+03  3.586E+02 E %
SD 2.774E —02  2.552E-03 2.243E+04 3.056E+04 5.755E+02 7.515E-10 3.448E-06 3.741E+03  1.188E-02  3.479E+03 5.734E+02 5.39E+01 (]% -g’
(Continued on next page) 9 8
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Table 7. Continued

LSHADE
Function Metric DDRIME cnEpSi EPSDE LSHADE SADE WLSSA INFO HGS SMA ALCPSO IGWO DFSMA
F57 AVG 4.463E+02  4.543E+02  4.118E+02  4.406E+02  4.454E+02  4.917E+02  4.361E+02  4.804E+02 4.880E+02 5.123E+02  5.036E+02  4.411E+02
SD 2.994E+01  3.828E+01 1.462E+01 2.823E+01 3.681E+01 1.0818E+01  3.836E+01 2.379E+01  4.752E+00 3.341E+01 2.153E+01 3.037E+01
F58 AVG 5.488E+02  5.426E+02  5.384E+02  5.322E+02  5.424E+02  6.290E+02  6.453E+02  6.247E+02 5.829E+02 6.004E+02  6.086E+02  5.795E+02
SD 1.307E+01 1.247E+01 8.028E+00  8.497E+00 1.025E+01 4.388E+01 3.894E+01 3.227E+01  1.921E+01  2.694E+01 2.831E+01 1.709E+01
F59 AVG 6.000E+02  6.016E+02  6.000E+02  6.003E+02  6.000E+02  6.228E+02  6.239E+02  6.021E+02 6.009E+02 6.049E+02  6.237E+02  6.017E+02
SD 0.000E+00  1.422E+00  2.970E-02 2.748E-01 4.111E-02 9.888E+00  8.753E+00  2.581E+00 6.635E-01  5.740E+00  6.759E+00  8.196E-01
F60 AVG 7.829E+02  7.803E+02  7.714E+02  7.768E+02  7.748E+02  8.6409E+02 9.814E+02  8.991E+02 8.278E+02 8.611E+02  8.956E+02  7.995E+02
SD 1.139E+01 1.543E+01 7.651E+00 1.348E+01 1.076E+01 4.477E+01 7.667E+01 4.310E+01  2.077E+01  3.911E+01 3.934E+01 1.386E+01
Fé1 AVG 8.549E+02  8.383E+02  8.417E+02  8.345E+02  8.424E+02  9.1591E+02 9.282E+02  9.096E+02 8.976E+02 9.005E+02  8.908E+02  8.661E+02
SD 1.085E+01 1.129E+01 7.538E+00  8.919E+00 1.045E+01 3.199E+01 3.032E+01 2.999E+01  2.297E+01  2.914E+01 2.131E+01 1.606E+01
Fé62 AVG 9.008E+02  1.081E+03  9.004E+02  9.846E+02  9.142E+02  3.185E+03  2.984E+03  4.082E+03 1.783E+03 1.833E+03  3.068E+03  9.146E+02
SD 2.049E+00  1.331E+02 1.041E+00  9.203E+01 1.997E+01 1.166E+03  6.437E+02 1.074E+03  8.866E+02 6.917E+02  9.648E+02 1.328E+01
Fé63 AVG 3.743E+03  2.969E+03  4.464E+03  3.042E+03  3.183E+03  4.613E+03  5.258E+03  3.889E+03 4.218E+03 4.139E+03  4.762E+03  3.929E+03
SD 4.838E+02  3.298E+02  5.988E+02  2.895E+02  4.644E+02  6.859E+02  6.822E+02  5.089E+02 6.345E+02 5.258E+02  5.082E+02  4.633E+02
Fé4 AVG 1.130E+03  1.251E+03 1.143E+03 1.231E+03 1.185E+03 1.236E+03 1.270E+03 1.207E+03  1.247E+03  1.249E+03 1.258E+03 1.148E+03
SD 2.212E+01  5.769E+01 5.054E+01 4.395E+01 3.528E+01 5.288E+01 5.688E+01 3.889E+01 4.922E+01 5.718E+01 2.524E+01 2.2386E+01
F65 AVG 1.665E+04  1.106E+04  3.728E+04  9.129E+03  2.736E+04  2.868E+06 1.769E+04 1.173E+06 1.592E+06 3.621E+05 1.645E+07  3.535E+03
SD 1.112E+04  8.035E+03 4.678E+04  7.112E+03 1.467E+04  2.197E+06 1.353E+04  6.875E+05 1.193E+06 6.810E+05 1.257E+07 1.004E+03
Fé66 AVG 1.375E+03  3.824E+03 1.392E+04 1.784E+03 1.015E+04  9.703E+04 1.662E+04  3.198E+04 3.214E+04 2.686E+04  2.861E+05 1.429E+03
SD 1.979E+01  8.557E+02  2.743E+04  5.198E+02  8.031E+03  6.739E+04 1.519E+04  2.499E+04 2.683E+04 2.591E+04  3.580E+05  3.575E+01
Fé67 AVG 1.437E+03  1.595E+03 1.575E+03 1.568E+03 1.609E+03 1.137E+04 1.804E+03  3.478E+04 2.899E+04 2.282E+04  4.080E+04 1.451E+03
SD 7.645E+00  6.280E+01 1.816E+02  6.329E+01 2.297E+02  8.861E+03  2.986E+02  2.534E+04 1.735E+04 3.415E+04  3.319E+04 1.038E+01
Fé68 AVG 1.518E+03  1.835E+03 1.656E+03 1.723E+03  3.206E+03  2.6019E+04 2.054E+03 1.623E+04 2.411E+04 1.109E+04  5.919E+04 1.553E+03
SD 4.418E+00  1.471E+02 1.943E+02 1.094E+02  2.841E+03 1.512E+04  9.221E+02 1.476E+04 1.449E+04 8.318E+03  4.098E+04 1.469E+01
F69 AVG 2.060E+03  2.084E+03 2.221E+03  2.113E+03  2.118E+03  2.462E+03  2.685E+03  2.749E+03 2.489E+03 2.525E+03  2.499E+03  2.081E+03
SD 1.752E+02  1.685E+02 1.849E+02 1.688E+02 1.580E+02  2.885E+02  2.753E+02  2.793E+02 2.688E+02 2.917E+02  2.475E+02 1.856E+02
F70 AVG 1.824E+03  1.869E+03 1.925E+03 1.859E+03 1.760E+03  2.018E+03  2.218E+03  2.283E+03 2.155E+03 2.132E+03  2.077E+03 1.843E+03
SD 7.587E+01  8.466E+01 8.469E+01 8.908E+01 6.625E+01 1.856E+02 1.712E+02  2.731E+02 1.809E+02 2.226E+02 1.237E+02  7.792E+01
F71 AVG 1.888E+03  2.098E+03  6.040E+03  2.634E+03  3.168E+04 1.578E+05  9.080E+03  2.623E+05 3.450E+05 2.614E+05  6.213E+05 1.882E+03
SD 1.010E+02  1.543E+02  3.898E+03 1.065E+03  2.527E+04  2.030E+05 1.0418E+04 2.329E+05 3.270E+05 3.401E+05  3.735E+05  2.211E+01
F72 AVG 1.914E+03  2.127E+03 2.026E+03  2.027E+03  4.304E+03  3.715E+05  2.053E+03 1.767E+04 3.278E+04 1.348E+04  2.912E+05 1.926E+03
SD 2.875E+00  1.237E+02  3.7955E+02  7.403E+01 2.966E+03 1.948E+05  6.999E+01 1.783E+04 1.970E+04 1.224E+04  3.449E+05  4.728E+00
F73 AVG 2.183E+03  2.191E+03  2.178E+03  2.221E+03  2.092E+03  2.389E+03  2.542E+03  2.526E+03 2.443E+03 2.360E+03  2.334E+03  2.179E+03

(Continued on next page)
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Table 7. Continued

LSHADE
Function Metric DDRIME cnEpSi EPSDE LSHADE SADE WLSSA INFO HGS SMA ALCPSO IGWO DFSMA
SD 7.973E+01  9.342E+01 7.754E+01 1.002E+02  6.828E+01 1.236E+02  2.194E+02  2.342E+02 1.709E+02 1.922E+02 1.345E+02  8.848E+01
F74 AVG 2.353E+03  2.341E+03  2.341E+03  2.335E+03  2.341E+03  2.397E+03  2.439E+03  2.417E+03 2.401E+03 2.406E+03  2.397E+03  2.366E+03
SD 1.201E+01  8.993E+00  8.674E+00 1.005E+01 1.130E+01 2.631E+01 3.579E+01 3.041E+01 2.047E+01 3.776E+01 2.512E+01 3.536E+01
F75 AVG 3.108E+03  2.708E+03  5.288E+03  2.471E+03  2.301E+03  2.300E+03  4.853E+03  4.883E+03 5.748E+03 4.789E+03  2.311E+03  2.300E+03
SD 1.378E+03  8.514E+02 1.519E+03  6.447E+02 1.412E+00 1.028E+00  2.057E+03 1.401E+03  9.067E+02  1.799E+03 1.802E+00  1.749E-04
F76 AVG 2.701E+03  2.712E+03  2.695E+03  2.685E+03  2.691E+03  2.764E+03  2.829E+03  2.775E+03 2.738E+03 2.797E+03  2.770E+03  2.719E+03
SD 1.062E+01  2.182E+01 1.200E+01 1.049E+01 1.144E+01 2.305E+01 5.403E+01 2.784E+01 2.838E+01 5.625E+01 3.059E+01 1.755E+01
F77 AVG 2.881E+03  2.885E+03  2.871E+03  2.861E+03  2.8677E+03 2.929E+03  2.994E+03  3.022E+03 2.923E+03 2.979E+03  2.939E+03  2.890E+03
SD 1.333E+01  2.099E+01 1.016E+01 1.334E+01 1.698E+01 3.267E+01 4.877E+01 5.156E+01  2.538E+01 7.169E+01 2.591E+01 1.772E+01
F78 AVG 2.887E+03  2.897E+03 2.878E+03  2.891E+03  2.899E+03  2.901E+03  2.906E+03  2.890E+03 2.890E+03 2.901E+03  2.901E+03  2.886E+03
SD 1.108E+00  1.658E+01 1.488E+00 1.009E+01 1.920E+01 1.859E+01 2.329E+01 1.295E+01  1.261E+01  1.871E+01 1.710E+01 1.399E+00
F79 AVG 4.173E+03  4.024E+03 3.803E+03  4.022E+03  3.954E+03  4.528E+03  6.037E+03  4.788E+03 4.514E+03 4.751E+03  4.794E+03  3.663E+03
SD 2.706E+02  5.884E+02 1.537E+02  2.533E+02  5.862E+02  9.607E+02  8.376E+02  6.442E+02 2.062E+02 7.602E+02  3.088E+02  7.991E+02
F80 AVG 3.207E+03  3.232E+03  3.201 + 03  3.226E+03  3.227E+03  3.243E+03  3.256E+03  3.232E+03 3.213E+03 3.251E+03  3.238E+03  3.205E+03
SD 5.046E+00  1.684E+01 1.180E-04 1.421E+01 1.047E+01 2.262E+01 2.270E+01 1.747E+01  1.234E+01  3.087E+01 1.533E+01 8.585E+00
F81 AVG 3.144E+03  3.154E+03  3.299E+03  3.167E+03  3.154E+03  3.209E+03  3.126E+03  3.201E+03 3.243E+03 3.231E+03  3.255E+03  3.123E+03
SD 6.035E+01  6.109E+01 2.509E+00  7.005E+01 5.663E+01 3.075E+01 4.954E+01 4.334E+01  3.689E+01  6.315E+01 3.008E+01 3.667E+01
F82 AVG 3.422E+03  3.522E+03  3.388E+03  3.503E+03  3.370E+03  3.983E+03  4.079E+03  3.766E+03 3.740E+03 3.834E+03  3.797E+03  3.531E+03
SD 7.112E+01 1.191E+02  9.787E+01 1.357E+02  3.901E+01 2.728E+02  2.782E+02  2.018E+02 1.549E+02 2.457E+02 1.488E+02 1.329E+02
F83 AVG 5.363E+03  5.904E+03  3.244E+03  5.389E+03  7.034E+03 1.804E+06  6.394E+03  7.678E+04 1.591E+04 1.632E+04  3.931E+06  5.339E+03
SD 5.078E+02  5.171E+02  4.478E+01 3.216E+02 1.234E+03 1.203E+06 1.090E+03 1.254E+05 6.208E+03  1.458E+04  2.826E+06  2.355E+02
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Table 8. Comparison average error rate values of the mentioned optimizers

Dataset Metric bSMA bHGS bHHO bRUN bIGWO bDFSMA bISMA bAOA bINFO bGBO bRIME bDDRIME
Brain_Tumor2 SD 0 0 0 0.1725 0 0 0 0.1044 0 0 0.0866 0

AVG 0 0 0 0.2033 0 0 0 0.0486 0 0 0.0393 0
DLBCL SD 0 0 0 0.1450 0 0 0 0.0431 0 0 0 0

AVG 0 0 0 0.1061 0 0 0 0.0130 0 0 0 0
lonosphereEW SD 0.0203 0.0147 0.0204 0.0578 0.0147 0.0270 0.0120 0.0148 0.0181 0.0090 0.0138 0.0090

AVG 0.0115 0.0113 0.0116 0.0630 0.0113 0.0113 0.0057 0.0114 0.0057 0.0029 0.0086 0.0029
Leukemia SD 0 0 0 0.0902 0 0 0 0 0 0 0 0

AVG 0 0 0 0.1113 0 0 0 0 0 0 0 0
Leukemiat SD 0 0 0 0.0972 0 0 0 0 0 0 0 0

AVG 0 0 0 0.1006 0 0 0 0 0 0 0 0
Leukemia2 SD 0 0 0 0.0736 0 0 0 0.0452 0 0 0 0

AVG 0 0 0 0.0696 0 0 0 0.0143 0 0 0 0
Lung_Cancer SD 0.0151 0.0151 0.0234 0.0556 0.0256 0 0.0151 0.0246 0.0206 0.0151 0.0253 0

AVG 0.0048 0.0048 0.0145 0.0834 0.0198 0 0.0048 0.0153 0.0098 0.0048 0.0195 0
penglungEW SD 0 0 0 0.0981 0 0 0 0 0 0 0.0395 0

AVG 0 0 0 0.1220 0 0 0 0 0 0 0.0125 0
Prostate_Tumor SD 0 0 0 0.1375 0.0316 0 0 0.0895 0.0632 0 0.0422 0

AVG 0 0 0 0.1255 0.0100 0 0 0.0664 0.0200 0 0.0200 0
Tumors_11 SD 0.0298 0.0295 0.0388 0.0781 0.0938 0.0852 0.0228 0.0533 0.0855 0.0176 0.0404 0.0166

AVG 0.0344 0.0226 0.0168 0.1088 0.1448 0.1503 0.0108 0.0429 0.1488 0.0056 0.0226 0.0053
SRBCT SD 0 0 0 0.0499 0 0 0 0 0 0 0 0

AVG 0 0 0 0.0236 0 0 0 0 0 0 0 0
Tumors_14 SD 0.0486 0.0466 0.0407 0.1019 0.0686 0.0471 0.0683 0.0603 0.0575 0.0749 0.0682 0.0478

AVG 0.2668 0.2398 0.2178 0.3397 0.2595 0.2485 0.2352 0.2813 0.2700 0.2221 0.2779 0.2034
Rank-ARV 3.0000 2.2500 2.7500 11.7500 4.0833 2.7500 1.7500 7.0833 3.8333 1.4167 5.4167 1.0000
Rank 7 4 5 12 9 5 3 1" 8 2 10 1
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Table 9. The number of selected features gained by the mentioned optimizers
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Dataset Metric bSMA bHGS bHHO bRUN bIGWO bDFSMA bISMA bAOA bINFO bGBO bRIME bDDRIME
Brain_Tumor2 SD 167.5246 1.1738 28.6325 1224.6475 119.9474 18.3875 1.8529 1220.3752 309.3948 19.3563 633.9268 1.912
AVG 213.6 2.6 22.6 3899.5 157.6 12.9 2.1 859.3 409.5 20 660.4 2.1
DLBCL SD 73.6593 0.8312 3.8589 471.0054 99.396 3.1392 0.3015 179.5299 87.0888 41429 274.923 0.3015
AVG 46.9091 2.0909 4.0909 2010.0909 110.8182 3.3636 1.0909 296 153.6364 3.8182 277.6364 1.0909
IonosphereEW SD 2.675 2.2608 2.1187 3.4254 2.5927 1.6997 2.3664 3.4075 1.5239 4.0346 1.1738 1.0541
AVG 5.6 5} 5.6 12.2 6.5 5 4.6 10.5 5.9 7.5 8.6 4
Leukemia SD 24.5423 0.48305 11.5224 883.9645 117.9814 8.9623 0.31623 386.639 155.826 6.9194 174.9694 0.3162
AVG 35.9 1.7 13.1 2388.1 181.4 4.9 1.1 409.8 240.8 7.9 304.5 1.1
Leukemia1 SD 80.4958 0.7379 27.1008 679.095 172.2821 6.624 0.99443 218.4025 125.8987 7.3756 397.6104 0.6325
AVG 78.3 2.1 25.3 2015 215.3 10.1 2.1 405.1 207.6 15.8 533 1.8
Leukemia2 SD 71.5138 0.84327 37.5868 1268.3562 113.8395 5.5538 2.0656 479.8327 108.2448 6.168 702.7966 1.0593
AVG 73 2.6 34.9 3918.7 157.9 6.2 2.6 484.6 304.5 9.6 589.2 1.7
Lung_Cancer SD 83.5852 28.649 39.2526 1600.2674 427.4939 140.6574 26.144 959.861 437.0897 186.5415 1033.5186 18.0862
AVG 178.4 21.9 102.1 42311 568.8 124.5 25.2 1354.3 1002.1 152.2 1722.6 22
penglungEW SD 6.0516 2.9136 3.9721 40.0616 11.2368 2.6013 4.2479 24.9464 8.5667 1.7127 14.5388 1.6499
AVG 9.8 4.4 6 98.6 17.4 4.1 3.4 33.9 13.5 3.6 21.4 2.5
Prostate_Tumor SD 146.0883 3.2677 41.2797 1122.589 672.7783 130.0938 7.3401 1054.9111 379.1521 48.8262 1081.2041 1.3499
AVG 249 4.7 49.7 3402.2 569.8 69.8 5.9 1251.5 772.5 70 1559.5 2.4
Tumors_11 SD 137.6301 227.3892 185.3885 1935.5878 0 0 254.7536 1895.4958 o] 226.26 854.2834 122.2813
AVG 410.5 275.5 499 4364.3 0 0 418.6 2857.4 0 505.7 2687.5 247 .4
SRBCT SD 18.2343 2.044 7.0048 312.0504 57.6469 4.6774 2.5927 114.6642 32.0293 6.7074 136.5279 0.9661
AVG 26.6 5.2 14.8 706.1 73.5 7.9 4.5 196.9 81.1 10.1 155.9 2.6
Tumors_14 SD 1353.4534 357.3082 728.9322 1008.8851 1730.5731 614.6823 1418.5611 1620.272 802.011 1590.8417 1378.4948 861.4415
AVG 1193.9 762.6 1607.9 6005.6 3210.6 1964.9 1162 6706.2 4130.3 2829.8 5291.5 1457.5
Rank-ARV 6.5000 2.7500 5.6667 11.9167 7.5000 4.0000 2.3333 10.7500 8.0000 5.8333 10.3333 1.5833
Rank 7 3 5 12 8 4 2 11 9 6 10 1 %
O
29
25
o
m (7))
o




%20z ‘0z 48qwiddeQ ‘0€ZL L1 /Z ®2UdIdS!

Table 10. The best fitness values of the mentioned swarm intelligent optimizers

Dataset Metric bSMA bHGS bHHO bRUN bIGWO bDFSMA bISMA bAOA bINFO bGBO bRIME bDDRIME
Brain_Tumor2 SD 8.08E-04 5.66E-06 1.38E-04 8.02E-02 5.79E-04 8.87E-05 8.94E-06 1.04E-01 1.49E-03 9.34E-05 8.09E-02 9.22E-06
AVG 1.03E-03 1.25E-05 1.09E-04 4.55E-02 7.60E-04 6.22E-05 1.01E-05 5.03E-02 1.98E-03 9.65E-05 4.05E-02 1.01E-05
DLBCL SD 6.73E-04 7.60E-06 3.53E-05 2.15E-03 9.09E-04 2.87E-05 2.76E-06 4.09E-02 7.96E-04 3.79E-05 2.51E-03 2.76E-06
AVG 4.29E-04 1.91E-05 3.74E-05 7.09E-03 1.01E-03 3.08E-05 9.97E-06 1.50E-02 1.40E-03 3.49E-05 2.54E-03 9.97E-06
lonosphereEW SD 1.87E-02 1.30E-02 1.91E-02 2.10E-02 1.35E-02 2.50E-02 1.07E-02 1.27E-02 1.68E-02 8.30E-03 1.30E-02 8.72E-03
AVG 1.92E-02 1.81E-02 1.93E-02 2.60E-02 2.03E-02 1.81E-02 1.22E-02 2.63E-02 1.41E-02 1.37E-02 2.08E-02 8.60E-03
Leukemia SD 1.72E-04 3.39E-06 8.08E-05 2.78E-03 8.27E-04 6.28E-05 2.22E-06 2.71E-03 1.09E-03 4.85E-05 1.23E-03 2.22E-06
AVG 2.52E-04 1.19E-05 9.19E-05 7.32E-03 1.27E-03 3.44E-05 7.71E-06 2.87E-03 1.69E-03 5.54E-05 2.14E-03 7.71E-06
Leukemia1l SD 7.56E-04 6.93E-06 2.54E-04 2.74E-03 1.62E-03 6.22E-05 9.33E-06 2.05E-03 1.18E-03 6.92E-05 3.73E-03 5.94E-06
AVG 7.35E-04 1.97E-05 2.37E-04 9.26E-03 2.02E-03 9.48E-05 1.97E-05 3.80E-03 1.95E-03 1.48E-04 5.00E-03 1.69E-05
Leukemia2 SD 3.19E-04 3.76E-06 1.67E-04 2.87E-03 5.07E-04 2.47E-05 9.20E-06 4.25E-02 4.82E-04 2.75E-05 3.13E-03 4.72E-06
AVG 3.25E-04 1.16E-05 1.55E-04 6.76E-03 7.03E-04 2.76E-05 1.16E-05 1.57E-02 1.36E-03 4.28E-05 2.62E-03 7.57E-06
Lung_Cancer SD 1.42E-02 1.43E-02 2.22E-02 2.99E-02 2.54E-02 5.58E-04 1.43E-02 2.32E-02 1.93E-02 1.50E-02 2.63E-02 7.18E-05
AVG 5.23E-03 4.61E-03 1.42E-02 2.11E-02 2.11E-02 4.94E-04 4.62E-03 1.99E-02 1.33E-02 5.13E-03 2.54E-02 8.73E-05
penglungEW SD 9.31E-04 4.48E-04 6.11E-04 2.93E-03 1.73E-03 4.00E-04 6.54E-04 3.84E-03 1.32E-03 2.63E-04 3.78E-02 2.54E-04
AVG 1.51E-03 6.77E-04 9.23E-04 7.06E-03 2.68E-03 6.31E-04 5.23E-04 5.22E-03 2.08E-03 5.54E-04 1.52E-02 3.85E-04
Prostate_Tumor SD 6.95E-04 1.55E-05 1.96E-04 5.92E-02 3.15E-02 6.19E-04 3.49E-05 8.56E-02 6.10E-02 2.32E-04 4.07E-02 6.42E-06
AVG 1.18E-03 2.24E-05 2.36E-04 2.95E-02 1.22E-02 3.32E-04 2.81E-05 6.90E-02 2.27E-02 3.33E-04 2.64E-02 1.14E-05
Tumors_11 SD 2.80E-02 2.86E-02 3.68E-02 2.99E-02 8.91E-02 8.10E-02 2.15E-02 5.14E-02 8.13E-02 1.70E-02 3.82E-02 1.61E-02
AVG 3.43E-02 2.25E-02 1.79E-02 4.31E-02 1.88E-01 1.93E-01 1.19E-02 5.22E-02 1.91E-01 7.30E-03 3.22E-02 5.99E-03
SRBCT SD 3.95E-04 4.43E-05 1.52E-04 2.05E-03 1.25E-03 1.01E-04 5.62E-05 2.48E-03 6.94E-04 1.45E-04 2.96E-03 2.09E-05
AVG 5.76E-04 1.13E-04 3.21E-04 6.07E-03 1.59E-03 1.71E-04 9.75E-05 4.27E-03 1.76E-03 2.19E-04 3.38E-03 5.63E-05
Tumors_14 SD 4.68E-02 4.48E-02 3.90E-02 7.86E-02 6.53E-02 4.50E-02 6.46E-02 5.39E-02 5.53E-02 6.77E-02 6.50E-02 4.52E-02
AVG 2.57E-01 2.30E-01 2.12E-01 2.79E-01 2.57E-01 2.43E-01 2.27E-01 2.90E-01 2.70E-01 2.20E-01 2.82E-01 1.98E-01
Rank-ARV 7.0000 3.4167 5.6667 10.8333 8.4167 4.8333 2.2500 11.0000 8.4167 4.3333 10.1667 1.0000
Rank 7 3 6 1" 8 5 2 12 8 4 10 1
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Table 11. Time cost of the mentioned swarm intelligent optimizers
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Dataset Metric ~ bSMA bHGS bHHO bRUN bIGWO bDFSMA  bISMA bAOA bINFO bGBO bDDRIME  bRIME
Brain_Tumor2 SD 1.3403 1.8348 1.3478 1.9825 0.4576 0.3714 3.1385 0.2978 0.7971 0.3276 1.1381 0.7240
AVG 78.4246 36.4100 42.6648 48.6295 35.7996 36.1942 130.3329 19.5642 16.6014 15.2564 46.4069 25.2528
DLBCL SD 0.5091 0.3277 0.4037 0.5226 0.2902 0.4208 5.4182 0.2673 0.2643 0.2401 1.3182 0.2785
AVG 19.1494 13.6429 22.6195 31.9593 22.5244 32.0288 162.0022 18.1771 15.2069 14.8058 40.5406 16.5376
lonosphereEW SD 0.0861 0.1206 0.0969 0.1913 0.1788 0.1655 0.4618 0.1996 0.1313 0.2165 0.5561 0.1643
AVG 3.2504 3.2966 4.9885 5.2427 4.3286 8.2602 32.5564 3.7628 5.3134 6.9608 14.6240 5.7820
Leukemia SD 0.3684 0.3751 0.7065 1.2193 0.3176 0.5437 7.7030 0.5056 0.7044 0.3637 2.8288 0.6263
AVG 46.1571 16.1108 26.2869 36.9165 26.2042 38.1702 208.1876 32.6637 23.3892 26.6399 56.2352 26.8119
Leukemia1l SD 0.2506 0.1273 0.2657 0.4999 0.2078 0.2169 2.7685 0.1785 0.5130 0.2938 0.7970 0.1724
AVG 13.8993 7.8565 14.5854 17.8542 14.2666 19.0139 79.9625 16.4997 12.9091 12.5995 32.9981 14.1796
Leukemia2 SD 0.8435 0.4211 0.6075 0.9468 0.4755 0.5417 5.7126 0.3665 0.3454 0.7215 0.8811 0.3228
AVG 58.1680 21.4835 37.1911 52.6570 37.1116 50.9559 178.9998 31.9589 23.9059 22.3900 60.8832 28.5735
Lung_Cancer SD 1.1320 1.4720 5.5550 6.8422 3.6912 3.0071 57.9613 1.5738 1.5080 2.7789 4.1551 3.4165
AVG 107.1421 50.4855 118.3708 191.6859 162.1882 189.9620 651.7133 156.6131 85.9377 61.5586 236.6337 171.6769
penglungEW SD 0.1779 0.1262 0.2380 0.3269 0.1551 0.3705 1.0659 0.4525 0.2659 0.1866 0.3399 0.1429
AVG 8.2429 5.4955 9.1164 8.9718 6.7230 10.0987 39.6212 7.2410 8.7390 7.7502 15.2131 5.3580
Prostate_Tumor SD 0.5373 0.6387 1.9834 1.1432 0.7449 0.6092 5.1336 0.3039 1.2332 0.7849 1.4597 0.1797
AVG 37.7940 20.6607 50.6721 76.3293 54.2194 84.5999 198.1384 42.6779 33.4345 30.6583 76.6733 38.1298
Tumors_11 SD 8.7807 9.5911 5.9860 9.8088 7.5266 6.9202 13.7317 2.4238 2.9252 1.6891 3.6304 0.6595
AVG 118.7592 153.4658 218.0242 223.1487 303.1839 360.5019 381.3650 100.7618 179.8759 55.7010 151.8555 106.2055
SRBCT SD 0.1078 0.0902 0.2202 0.1922 0.1830 0.1009 0.9793 0.1171 0.1338 0.1211 0.2042 0.1495
AVG 6.7045 4.4430 8.4302 16.7718 14.5440 12.0865 36.2600 6.1685 5.3066 5.2941 13.8056 5.6907
Tumors_14 SD 11.8632 12.1080 18.6170 33.2921 17.6725 39.3633 94.9965 19.9882 16.4329 16.1325 32.9260 21.3199
AVG 196.0070 71.6646 169.5153 285.5003 218.6937 256.0372 700.0649 180.1616 134.7022 110.1989 251.1285 158.4546
Rank-ARV 5.8333 1.7500 6.5000 9.1667 6.5833 9.1667 11.0833 5.7500 4.4167 3.2500 9.2500 5.1667
Rank 6 1 7 9 8 9 12 5 3 2 1" 4
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Figure 3. Curves of bDDRIME and mentioned binary methods on public datasets
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The accuracy (ACC) rate is an important indicator of classification performance, which is expressed as the percentage of correctly classified
instances as Equation 1.

3 TP+TN
= TPFPAFNATN
where TP represents the number of correctly classified positive samples. TN denotes the correctly identified negative samples. FN means the
positive samples that are incorrectly labeled as negative. FP indicates negative samples that are mistakenly classified as positive.

Precision represents the percentage of the positive samples predicted to be positive samples as Equation 2.

TP
TP+FP

ACC (Equation 1)

Precision = (Equation 2)

Specificity measures the ability of a binary classification model to identify normal instances as Equation 3.

™

Specificity = FPiTN

(Equation 3)
MCC evaluates the classifier model’s performance. It incorporates all four criteria (TP, TN, FP, FN) and may offer a more accurate assess-
ment than percentages as Equation 4.
TPx TN — FP X FN

MCC = (Equation 4)
\/(TP+FP) X (TP+FN) x (TN+FP) x (TN+FN)

Recall represents the ratio of actual positive samples in the predicted positives to the total positive samples in the entire dataset as
Equation 5.

TP
Recall = TPiEN

(Equation 5)

F-measure is a metric that combines precision and recall into a weighted average as Equation é.

F — measure = 2 % —PreCI.s:f)n * Recall (Equation 6)
Precision+Recall

Then, we apply bDDRIME_KNN along with some well-known classifiers, including bDDRIME_KELM, bDDRIME_FKNN, bDDRIME_MLP,
and bDDRIME_SVM. Figure 4 illustrates the time, ACC, precision, specificity, MCC, and F-measure. The graph shows that DDRIME achieves
the fastest convergence time, ACC, precision, specificity, MCC, and F-measure compared to the other classifiers. This further substantiates
the effectiveness and reliability of the bDDRIME_KNN model’s capability.

Furthermore, bDDRIME_KNN compares against bSMA_KNN, bHGS_KNN, bHHO_KNN, bRUN_KNN, bIGWO_KNN, bDFSMA_KNN,
bISMA_KNN, bAOA_KNN, bINFO_KNN, bGBO_KNN, and bRIME_KNN for feature selection on the AECOPD dataset. Figure 5 showcases
the time cost, ACC, specificity, precision, MCC, and F-measure of these methods. The time cost of bISMA_KNN is the most, and the proposed
method takes the second most time. The proposed bDDRIME_KNN model ranks first on ACC, specificity, precision, MCC, and F-measure,
which demonstrates excellent performance for feature selection on the AECOPD dataset.

In summary, the two mechanisms proposed in this study have a significant influence on enhancing RIME's optimization performance. The
introduced bDDRIME_KNN model effectively identifies the optimal subset on the AECOPD dataset. This confirms the practicality and
outstanding optimization capabilities of the proposed DDRIME algorithm.

Figure 6 shows the fitness value obtained by bSMA_KNN, bHGS_KNN, bHHO_KNN, bRUN_KNN, bIGWO_KNN, bDFSMA_KNN,
bISMA_KNN, bAOA_KNN, bINFO_KNN, bGBO_KNN, and bRIME_KNN on the AECOPD dataset. It can be seen that the proposed
bDDRIME_KNN model reaches the best fitness after several iterations, which demonstrates the excellent performance for feature selection
on the AECOPD dataset.

All'in all, to further help physicians analyze the classification results, we analyzed the features specifically in the 10-fold CV experimental
results. The features selected in each experiment are presented in Figure 7. Itis seen from Figure 7 that the features with the highest selection
frequency are C1, C3, C7, and C8. Further analysis shows that the features of C1, C3, C7, and C8 are the most crucial for the dataset. Therefore,
bDDRIME_KNN provides accurate classification results for doctors to find useful subsets in the AECOPD data.

Discussion

We included a detailed analysis of the results, explaining the significance of the findings from the DDRIME algorithm and its application in the
bDDRIME_KNN model. We have discussed how the improved search ability and feature selection performance of DDRIME contribute to the
enhanced predictive accuracy for AECOPD patients on IMV. We have provided justifications for our results by comparing them with existing
methods and algorithms. We have addressed the scenarios where our model outperforms others and also the areas where it aligns with cur-
rent standards, offering possible explanations for these observations. We elaborated on the clinical implications of our findings, discussing
how the DDRIME algorithm could potentially impact the management and prognosis of AECOPD patients requiring IMV. From Figure 7, it
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Figure 4. Boxplot results for five DDRIME-based classifiers on the AECOPD dataset
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can be seen that in the experimental results of feature selection using the proposed DDRIME algorithm in the AECOPD dataset, the most
frequently selected features are C7 (pectoral muscle area [PMA[), C8 (D-dimer [D-D]), C1 (fungal infection [Fl]), and C3 (chronic heart failure
[CHF)). There is the detailed description of the selected features. D-D is a product of fibrin degradation, and it is commonly used to exclude
venous thromboembolism,” but it is also elevated in the elderly, tumors, surgery, and infections.”® In addition, D-D is considered an indicator
for the evaluation of suspected pulmonary embolism,”” and some studies have shown that patients with pulmonary embolism combined with
AECOPD have higher D-D than AECOPD and higher mortality.*” A retrospective study by Bai et al. confirmed that D-D is an independent risk
factor for admission to the intensive care unit in patients with AECOPD.®" A retrospective study by Zhang et al. found that D-D improved the
sensitivity and specificity of predicting the probability of admission to the ICU in AECOPD.%” Chen et al. found that D-D was significantly
higher in patients with AECOPD than in COPD patients and healthy individuals.®® Husebg et al. studied the prognostic predictive effect
of coagulation indicators in COPD patients and showed that mortality was higher in COPD patients with high D-D (hazard ratios [HR]: 1.60
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Figure 5. Boxplot results of 12 methods in six metrics on the AECOPD dataset

(1.24-2.05), p < 0.001) and that D-D was higher in AECOPD patients than in stable patients.*” Fruchter et al. studied 61 patients with AECOPD
and found that D-D >1.52 mg/L had higher sensitivity and specificity (100%) for predicting short-term mortality and higher long-term mortality
than patients with less than 1.52 mg/L.°® Hu et al. used a multifactorial logistic retrospective analysis and found that D-D was higher in patients
with in-hospital death from AECOPD (2,244.9 + 2,310.7) than in survivors (768.2 + 1,078.4) and that D-D was an independent risk factor for
predicting in-hospital death from AECOPD (95% confidence interval [Cl] 1.05-3.65, p < 0.05).%° Our study is similar to theirs, and this study
found that high D-D will lead to poor prognosis in patients with IMV in AECOPD (p < 0.05); therefore, we need to pay prompt attention to the
D-D level of patients after admission.

Pulmonary aspergillosis and pulmonary cryptococcosis are common fungal infectious diseases of the lung.®’*® Patients with COPD are
more susceptible to pulmonary fungal disease due to changes in lung structure, immunosuppression from hormone use, and frequent
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Figure 6. The fitness obtained by involved methods on the AECOPD dataset

antibiotic use.®” A 1-year study by Bafadhel et al. found that aspergillus fumigatus infection was associated with reduced lung function in pa-
tients with COPD, with a significantly lower proportion of positive sputum filamentous fungal cultures in the control group.’” Tanveer et al.
showed by multifactorial logistic regression analysis that patients with AECOPD combined with pulmonary aspergillosis had a higher prob-
ability of cardiovascular events and neoplasms, and a higher mortality rate.”’ One study showed that among patients with COPD, Aspergillus
definitive patients were more likely to develop aspergillosis.”? In addition, Pneumocystis carinii colonization is also seen in COPD patients.”” It
has been demonstrated that elevated blood inflammatory markers (including tumor necrosis factor alpha, interleukin [IL]-6, and IL-8) and
elevated matrix metalloproteinases (MMP-12) in AECOPD patients with Pneumocystis carinii infection damage the airways and lung paren-
chyma,”*’* and a study by Morris et al. showed that MMP-12 values in the sputum of patients with Yersinia pseudomonas colonization (205.7
pg/mL) were significantly higher than in normal patients (47.7 pg/mL).”* 90% of AECOPD exacerbations were caused by pathogens, with Chla-
mydia pneumoniae detected in 50% of patients.”® In this study, the prognosis of AECOPD patients with fungal infections was found to be
worse (p < 0.05); therefore, Flis an important predictor of prognosis for patients with AECOPD, and it is important to keep an eye on patients’
infections for early detection and treatment.

CHF is a clinical syndrome of persistent slow manifestation of dyspnea, bilateral lower extremity edema, and jugular venous irritation
based on pre-existing heart disease.” COPD and heart failure are often present together in many patients, and COPD patients with
cardiac insufficiency are more likely to have an increased risk of death after discharge from the hospital.”® Some studies confirm that
markers of heart failure predict the prognosis of patients with AECOPD.””"”® Ting et al. found higher post-discharge mortality in patients
with AECOPD combined with heart failure than in patients with AECOPD in their study’s discharge follow-up (95% CI 1.4-3.1; p =
0.002).”" Peng et al. concluded that chronic pulmonary heart disease was an independent risk factor for in-hospital mortality in patients
with AECOPD by multifactorial regression analysis.®” Curkendall et al. found a higher risk of death in COPD patients with comorbid
cardiovascular disease, with higher hospitalization rates for CHF among different cardiovascular diseases.’’ A retrospective study by
Cao et al. included 384 patients with AECOPD and concluded that in-hospital deaths were more common in patients with combined
heart failure (50.0%) than in survivors (15.9%), and univariate and multivariate logistic regression analysis revealed that combined CHF
was an independent risk factor for in-hospital mortality (odds ratio [OR] = 7.63, 95% Cl: 2.27-25.64, p = 0.001).% In this study, AECOPD
combined with chronic heart failure was statistically significant in the failure and success groups of IMV (p = 0.024). In summary, CHF is
an important predictor of AECOPD prognosis. It is necessary to actively monitor the patient’s cardiac function indicators and improve
cardiac function.

Sarcopenia is a progressive systemic skeletal muscle disease with reduced muscle strength and mass leading to falls, fractures, and
even death.®® Sarcopenia is a common complication in COPD patients, and a meta-analysis by Elizabeth Benz et al. first evaluated the prev-
alence of sarcopenia in COPD patients at 21.6%, with high variability across settings.®* The quality of skeletal muscle is an important in-
dicator to assess the prognosis of COPD patients; with smaller PMAs, COPD patients have more severe obstruction of expiratory airflow
and impaired motility.®> McDonald et al. confirmed by examining COPD-related traits (FEV1/FVC, FEV1pred %, body mass index, etc.) that
PMA (95% Cl: 4.2-12.4, p < 0.001) was more significantly associated with COPD severity than BMI (95% Cl: —12.2-0.4, p = 0.03), but the
prognostic prediction of PMA on COPD progression remains to be studied.?® A study by Mason et al. found that the development of
AECOPD was associated with a loss of the pectoral muscle area.?” A multivariate regression model test by Wilson et al. found that higher
PMA reduced mortality in COPD and that the utility of PMA was higher than that of low bone mineral density.?® In this study, PMA was
significantly reduced in the failed IMV group compared to the successful group (p < 0.05). In conclusion, PMA is a valid prognostic pre-
dictor of AECOPD.

Our experiments and comparative analysis demonstrated that DDRIME, the enhanced version of RIME, outperformed the original al-
gorithm and other MAs on various benchmark functions and real-world datasets. This confirms the effectiveness of our enhancement
approach. It is identified that by incorporating a dispersed foraging mechanism and a differential crossover operator into RIME, we could
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Figure 7. The number of selected features by bDDRIME_KNN on the AECOPD dataset

significantly improve its search capabilities. These enhancements are designed to boost exploration and avoid local optima, thereby
enhancing the overall performance of the algorithm. By periodically dispersing the search agents, DDRIME can effectively avoid being
trapped in local optima and enhance the diversity of the population, leading to a more comprehensive search. The differential crossover
in DDRIME not only ensures that the new solutions are different from their parents but also maintains the balance between exploration and
exploitation. This operator helps in refining the solutions obtained from the dispersed foraging mechanism, further improving the feature
selection process.

In summary, the DDRIME algorithm specifically addresses the feature selection challenges of the original RIME by incorporating a nature-
inspired dispersed foraging mechanism and a robust differential crossover operator. These enhancements work synergistically to improve the
exploration and exploitation capabilities of the algorithm, leading to more effective feature selection.

Conclusions and future work

This article starts with an introduction to COPD and AECOPD, followed by the current medical applications of machine learning, and also
details the data sources and related statistical methods. To effectively settle the issue of diagnosing medical conditions, an MA is employed
to feature selection of interest. Among the various methods, this paper proposes a wrapper feature selection method using the DDRIME
(dispersed foraging and differential evolution-based RIME) algorithm. This method initially uses DDRIME to find the optimal solution by mini-
mizing the objective fitness function. The DDRIME algorithm is an enhancement of the RIME algorithm, incorporating dispersed foraging and
differential crossover operators. These enhancements boost the agents’ exploration of the search space, greatly increasing the chances of
finding the optimal solution for 83 benchmark optimization problems. Thus, this demonstrates the strong competitiveness of the DDRIME
algorithm in solving optimization cases. The results show that the aforementioned enhanced strategies effectively help search agents escape
local optima and boost the population’s exploration capability. Finally, comparative experiments with other MAs and classifiers have shown
that the bDDRIME-KNN model demonstrates consistent performance and strengths in terms of ACC, specificity, precision, MCC, and
F-measure metrics.

In the future, we will focus on utilizing DDRIME to optimize various fields like engineering, energy, neural network architectures, and clus-
tering. Additionally, we will continue to refine DDRIME to better address the unique characteristics of different optimization problems.
DDRIME can be integrated into existing optimization platforms and software tools used in various engineering fields, educational and
research programs, and industry collaboration. Finally, we will examine the combined effects of neural networks with MAs for medical
diagnosis.

Limitations of the study

While our study has achieved promising results, it is not without limitations. Firstly, the performance of DDRIME is evaluated primarily
through computational experiments, and, thus, its application in real-world scenarios within AECOPD requires further validation. Sec-
ondly, the algorithm’s parameters are tuned based on the benchmark functions, and their optimal values may vary when applied
to different types of problems or datasets. Additionally, the computational cost of the DDRIME s relatively high, which could be a
concern for large-scale applications. Addressing these limitations will be crucial for enhancing the algorithm’s applicability and
efficiency.
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RIME algorithm Ali Asghar Heidari https://aliasgharheidari.com/RIME.html
DDRIME algorithm This paper DDRIME (zenodo.org)

METHOD DETAILS

The proposed approach consists of RIME optimization, KNN model, dispersed foraging strategy, differential crossover operator, explained in
detail in this section.

RIME optimization

RIME™ proposed in 2023, is an innovative MA inspired by the formation of rime ice. The algorithm consists of four steps: (1) initializing the rime
cluster; (2) using a soft-rime search method to explore by imitating the movement of soft-rime agents; (3) applying a hard-rime puncture strat-
egy to exploit by replicating the crossover behavior among hard-rime individuals; (4) implementing a positive greedy selection strategy. The
mathematical formulation is detailed below.

The initializing of Rime clusters

Similar to various other MAs, RIME treats each rime as a search agent and initializes N search agents randomly within the search space to form
a new population X. The initialization process of population X is shown as Equation 7.

X1 X120 X1ip
X = | X X2 X (Equation 7)
XN1 XN2  ttt XND
X = LB + rand x <UBJ: - LBI})?"G {1.2,...,N},je {1,2,...,D} (Equation 8)

where D is the problem dimension. iis the index of the rime particle and j denotes the dimension of the rime agent. rand signifies a random
value in the range [0,1]. UB and LB are the maximum and minimum limits of the search space.

Soft-rime search

The inherent randomness of the soft-rime growth process enables it to adhere to most surfaces of an object, although soft-rime grows slowly
when moving in the same direction. Consequently, the soft-rime search strategy leverages these growth characteristics, enabling RIME to
explore a broad search space during the initial iterations and prevent local stagnation effectively. The rime-particles update procedure is
as Equation 9.

best

Xoed = XL 41 -cosf- G (h- <u5y,i - LBf,i) + LB{),Q <E (Equation 9)

where Xnewfl: denotes the j particle of the i" rime-agent’s newly updated position. Xi)est stands for the jth particle of the current population’s
best-rime individual. ri denotes a control parameter for the particle movement direction, randomly set within the range [-1,1]. cos @ fluctuates
with the iterations and can be computed by Equation 10.

6 = m(g/10-G) (Equation 10)

where G denotes the maximum number of evaluations, g represents the current evaluation. 8 is an environmental factor that adjusts with the
number of iterations, reflecting external influences to facilitate convergence. The mathematical expression is given as Equation 11.

8 =1- [%] /W (Equation 11)

where [] is rounding, and w equals 5. Consequently, the value of 8 is determined by a step function. E represents an adhesion factor that
affects the condensation probability, as illustrated in Equation 12.

E = (g9/G) (Equation 12)
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Hard-rime search

Hard rime grows in the same direction, allowing rime agents to intersect easily—a phenomenon known as rime puncture. Drawing inspiration
from this, we propose the hard-rime puncture strategy to facilitate exchanges between search agents within the rime population. This mech-
anism enhances RIME's convergence and effectively prevents it from settling into local optima. It can be formulated as Equation 13.

Xoew! = X osr> 13 < ™™ (X)) (Equation 13)

est?
where F™™"(X;) means the normalized value of the it search agent's fitness value, which shows the probability of this agent being selected. r3
denotes a number randomly generated within the range of -1 to 1.

Positive greedy selection

To address the limited contribution of the conventional greedy selection mechanism to further exploration and exploitation during popula-
tion updates, RIME introduces a positive greedy selection mechanism. This enhanced approach compares the fitness of updated search
agents with their non-updated counterparts. If the updated fitness is better, the non-updated agent and its fitness value are replaced, concur-
rently updating the best search agent. The method elevates the quality of search agents, steering the population towards a more favorable
evolution with every iteration. The source code for this mechanism is detailed in Algorithm 1. The flowchart of RIME is presented in Figure S1.

Algorithm 1. RIME
Initialize the rime population Xi(i = 1,2,...,N);

Define the fitness F(X;) of X;;

Get the best rime-agent Xpes; and corresponding fitness value F(Xpest);

While (g < G)
Calculate the factor of being adherence E by Equation 12;
Fori=1:N
For j=1: D
// soft-rime search strategy
Ifr, <E
Calculate the position of Xnewd by Equation 9;
End
// hard-rime search strategy
If r3 <F™o™ (X))
Calculate the position of Xnewj,: by Equation 13;
End
End
Update the fitness value F(Xqew;) of Xnewi;
// greedy selection mechanism
I F(Xnows) < F(X)
F(Xi) = F(Xnewi):
Xi = Xoewi:
If F(Xner) < F(Xbest)
F(Xoest) = F(Xnewi):

Xbest = Xnewi;
End

End

End

g= 9+l

End
Return Xpest, F(Xbest);

KNN model

K-nearest neighbor (KNN) #” is a kind of classification algorithm, which represents a non-parametric methodology. It shows exceptional per-
formance in approximate tasks, presenting high success rates and accurate classification.””?? Its core idea is to determine the category of
samples by calculating the distance between them. In the KNN algorithm, K represents the selection of K nearest neighbors whose categories
are used to classify unknown samples. If most of the near neighbors belong to a class, the unknown sample is assigned to that class. The KNN
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classifier has many advantages. First, it is simple to implement and understand. Secondly, the KNN algorithm is suitable for a variety of
different types of data, including continuous data and discrete data. In addition, the KNN algorithm can effectively deal with multiple clas-
sification problems and can deal with difficult to separate problems. It classifies a new instance by taking a majority vote from KNN models.
The class is identified by determining the minimum distance to a training point, typically using a similarity measure such as Euclidean distance,
as outlined in the literature. Mathematical expression to calculate the Euclidean distance between Z; and Z, which represent two points in the
D-dimensional space shown Equation 14.

1

D 3
Distance (Z;,2,) = (Z (7 - z£)2> (Equation 14)

i=1

In this research, the KNN classifier is used to evaluate its training speed, easy implementation and remarkable classification accuracy.

The dispersed foraging strategy

Although Su et al. identified the limitations and opportunities for improvement, RIME still has substantial room for further development to
reduce the likelihood of being affected by local minima. In times of food scarcity, a dispersed foraging mechanism drives part of the popu-
lation to explore new areas in search of sustenance. It allows them to locate their prey. A new method of foraging involving dispersion is put
forward to construct a mathematical formula for this behavior.”> During scattered foraging, search individuals update their positions as
Equation 15.

X(t+1) = X(t)+p- (Xn(t) — Xa(1)) (Equation 15)

where t+ 1 is the next iteration number and t denotes the current iteration; X (t + 1) denotes the updated position and X (t) represents the
current position. Assume that the scale control factor p ~ N(0.5,0.12) is distributed according to N(0.5,0.12) distribution, where the two in-
tegers m and n are greater than 1 and less than N, independently. As shown in Equation 16, a new adaptive parameter named dispersal rate
(DR) is introduced. DR determines which agent seeks out the new food source. The result parameter r for comparison with DR is added to get
this control. To speed up convergence, when r > DR, anindividual is classified as a forager; when r < DR, anindividual is taken as an ordinary
individual. In additional, with a gradual increase in the number of examinations, DR will decline over time.

As the hungry agents approach the optimal value, they risk falling into a local optimum if they are not dispersed at this stage. At the same
time, with the increase of evaluation times, DR gradually decreases, ensuring that the latest method will not fall into the local optima.

t .

DR = DRyax — (DRyax — DRmm)-m (Equation  16)
X(t)+p- (Xn(t) — X,(t)),if r>DR .

X(t+1) = { (t)+p (X(E))otherv(vii)e (Equation  17)

where Maxi. represents the upper limit of iterations. r shows the number randomly generated between 0 and 1, the parameter p encourages
individuals to exhibit more randomness in their actions. The adaptive parameter DR regulates the size of individuals dispersed into the new
domain. The search agent is repositioned in a decentralized process at the beginning of iteration with a large DR, which contributes to a faster
convergence rate. As the DR decreases with more iterations, individuals are more likely to become discrete, helping the algorithm avoid local
optimality. Algorithm 2 presents the pseudo-code of the dispersed foraging mechanism.

Algorithm 2. Dispersed foraging
Input: The parameter DR, search population X(t)
Output: The search individual population X(t +1)
Calculate the dispersed distance parameter DR using Equation 16

Compute the position of search individual X(t) using Equation 17

The differential crossover operator

R. Storn and K. Price proposed differential evolution (DE) which is a probabilistic and reliable metaheuristic optimizer.”* Due to the various
advantages of GA, different fields usually integrate the characteristics of quick convergence, simple structure, and high robustness into
their systems. Four basic steps of DE are the initializing of the population, the mutation, the crossover, and the selection. Among these,
the mutation and crossover operators are important to the effective of their optimization process. The mutation of DE is expressed as
Equation 18.

Vi(t) = X (t) + beta x (X2(t) — Xi3(t)) (Equation  18)
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where r1,r2,and r3 are three random integers mutually exclusive in the generated interval 1 to N, beta represents the scale parameter.
Then, the new position X(t + 1) updates according to Equation 19.

_ [ Vi(t) if (rand < CRor j = jiand) .
Xij(t+1) = { X,(t) otherwise (Equation  19)
CR is the crossover factor to find the better agent, which influences the genetic information of the parents. je {1,2,...... , D} where jang rep-
resents an integer between 1 and D, where D denotes the individuals’ dimensions. Vi(t) denotes the crossed individual. There is Algorithm 3

that shows the code of the differential crossover operator.

Algorithm 3. Pseudo-code of differential crossover operator
Input: Hungry search population X(t), parameter CR;
Output: The hungry search population X(t +1);
fori=1toNdo
carry out the DE mutation operation by Equation 18;
forj=1toDdo
Calculate the position of the hungry search individual X;;(t + 1) by Equation 19;
End

End

Proposed methodology

DDRIME algorithm for global optimization

In the work, we initiate the process by updating the population by an interactive mechanism. Selecting two agents from the population
randomly and enabling information exchange with the current population, we help them acquire more data and improve their expressive
capabilities. Following this, we apply the RIME algorithm steps to further develop the individuals, using a dispersed foraging mechanism
to select the optimal positions. Thus, we boost the exploration of the search space by utilizing a differential crossover operator, thereby
raising the chances of discovering the optimal solution. The work chart of DDRIME is presented in Figure S2.

Binary DDRIME for feature selection
DDRIME is an enhanced continuous version of the RIME algorithm, its discrete binary version can obtain useful feature information. Dispersed
foraging mechanism and differential crossover operator help RIME select crucial features, generate the most suitable scheme and improve
classification accuracy. Given that feature selection is a binary problem, the solution is restricted to the binary space.’ In summary, DDRIME
should adopt a binary format for feature selection. An n-dimensional vector represents the length that is the total number of metrics in the
dataset. Besides, the value of the solution is “0” or “1"”, where “0" indicates that the feature is not chosen and “1” signifies that the feature is
selected as crucial. The individual initialization and binary position vectors are expressed by Equation 20 using a random threshold.

X = { " Z’;Z'Ifg'g (Equation  20)
where X{ is the ith individual of the population vector in the jth dimension. Then, DDRIME converts to binary DDRIME (bDDRIME) by a transfer
function (TF). The updating strategy of TF in the research is shown in Equation 21.

) 2 ,
T(X{(t)) = ‘—arctan (\/T%X{(t))‘ (Equation 21)
™
where X/(t) is the ith agent in jth dimension at tth iteration and X/(t + 1) denotes its next iteration calculated by Equation 22.

~X(t+1), rand<T(x(t+1))

) (Equation 22)
X(t+1), rand>T(x?(t+1))

x{(rm):{

Two indicators for feature selection are classification accuracy and the number of features selected. An improved classification result is
characterized by higher accuracy with a smaller number of selected features. Besides, a fitness function assesses each solution’s quality across
the iteration. Thus, bDDRIME keeps the balance between two indicators and the expression of the fitness function is shown as Equation 23.

Fitness = a-(1 — Acc) + (1 — a) X (Dg /D) (Equation  23)

where « is the weight factor and a = 0.057 is selected from relevant literature; Acc represents classification accuracy; Dg shows the size of the
optimized subset, and D represents the total number of features in the dataset.
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Scale the range of the dataset to [-1,1] and divide the dataset into a training set and a test set. Ten-fold cross-validation is employed in this
study. The binary DDRIME population is initialized, with the dimension of bDDRIME corresponding to the number of attributes in the dataset.
We then adopt the KNN classifier to build the bDDRIME-KNN model which calculates the population’s fitness and solves the optimal solution.
Therefore, the optimal feature subset is outputted by the bDDRIME-KNN model. There is this model’s flowchart in Figure S3.

QUANTIFICATION AND STATISTICAL ANALYSIS

A comprehensive explanation of the statistical techniques employed can be found in the "results and discussion" section, which includes the
following parts: "Verification of the Mechanisms," "Comparison with Standard Metaheuristic Algorithms,” "Comparison with Several
Enhanced Algorithms," and "Feature Selection." Its noteworthy that all the experiments were performed consistently using the same hard-
ware setup and the MATLAB R2018b platform. In this research, the statistical analysis is conducted using SPSS version 26.0. For continuous
variables that are normally distributed, the Kolmogorov-Smirnov test was applied, and the results are expressed as the mean plus or minus the
standard deviation (mean + SD). The u test is then used for comparative analysis. For continuous variables that do not follow a normal dis-
tribution, non-parametric tests are employed, and the data is depicted as the median with the interquartile range (IQR). Categorical data are
displayed as percentages, and group comparisons are made using either the chi-square test or Fisher’s exact test when appropriate. Table 1
enumerates all the variables measured, while the statistical analyses for these variables are detailed in Tables 2 and 3.

In terms of global optimization problem, these methods including DDRIME algorithm evaluated their performance using the statistical
average value of the optimal function (AVG) and standard deviation (STD). The smaller the value, the better the performance. If the modifi-
cation is considered significant statistically, the Wilcoxon signed-rank test is less than 0.05; that is, the p-value is less than 0.05. The Wilcoxon
signed-rank test is a non-parametric statistical test at a significance level of 0.05. The Friedman test is a statistical conformance test, too. The
symbols “+/=/-" illustrate that the proposed algorithm performs better, equal, or worse than the other comparative method. All statistical
details of global optimization are provided in Tables 5, 6, and 7 and Figure 1. The results are evaluated in terms of classification accuracy,
number of selected features, and mean and standard deviation of fitness and run time as Figures 4 and 5. Tables 8, 9, 10, and 11 and Figure 3
describe the statistical outcomes of the 12 high-dimensional gene datasets simulated by intelligent swarm algorithms. All statistical details are
provided and explained in the text.
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