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Golden Lichtenberg Algorithm: a Fibonacci sequence approach applied to Feature 

Selection 

 

Abstract: Computational and technological advancements have led to an increase in data generation and 

storage capacity. Many annotated datasets have been used to train machine learning models for predictive 

tasks. Feature Selection (FS) is a combinatorial binary optimization problem that arises from a need to 

reduce dataset dimensionality by finding the subset of features with maximum predictive accuracy. While 

different methodologies have been proposed, metaheuristics adapted to binary optimization have proven 

to be reliable and efficient techniques for FS. This paper applies the first and unique population-trajectory 

meta-heuristic, the Lichtenberg Algorithm (LA), and enhances it with a Fibonacci sequence to improve 

its exploration capabilities in FS. Substituting the random scales that controls the Lichtenberg Figures' 

size and the population distribution in the original version by a sequence based on the golden ratio, a new 

optimal exploration-exploitation LF's size decay is presented. The new few-hyperparameters Golden 

Lichtenberg Algorithm (GLA), LA, and eight other popular metaheuristics are then equipped with the v-

shaped transfer function and associated with the K-nearest neighbor classifier in the search of the 

optimized feature subsets through a double cross-validation experiment method on 15 UCI machine 

learning repository datasets. The binary GLA selected reduced subsets of features, leading to the best 

predictive accuracy and fitness values at the lowest computational cost. 

Keywords: Data Mining, Feature Selection, Machine Learning, Metaheuristics, Lichtenberg Algorithm, 

Fibonacci Sequence. 
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DM Data Mining 

ML Machine Learning 

FS 

NFL 

Feature Selection 

No-free-lunch theorem 

LA 

GLA 

Lichtenberg Algorithm 

Golden Lichtenberg Algorithm 

DLA Diffusion Limited Aggregation 

LF Lichtenberg Figure 

S Stickiness factor 

Np Particles Number 

Rc Creation radius  

Ref Refinement 

M Figure switching factor 

Pop Population 

Niter Iterations Number 

KNN K-Nearest Neighborhood  

BLA 

MH 

Binary Lichtenberg Algorithm 

Metaheuristics 

PSO Particle Swarm Optimization 

DE Differential Evolution 

GA Genetic Algorithm 
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MBO Monarch Butterfly Optimization 

SSA Salp Swarm Algorithm 

WOA Whale Optimization Algorithm 

HHO Harris Hawks Optimization 

MRFO Manta Ray Foraging Optimization 

 

 

 

 

 

 

1. INTRODUCTION  

 Today, there is an enormous capacity for generating and storing data. Technical analysis and 

the ability to extract knowledge from the data can benefit science and society in multiple ways. This can 

be achieved by employing Data Mining (DM) techniques, which gather methodologies to transform raw 

data into valuable information and knowledge. Machine Learning (ML) techniques are largely employed 

in DM by automating the construction of analytical models and building systems that can learn from data 

and make decisions with little human intervention [1]. For example, classification, regression, clustering, 

and time series analysis can be solved by ML techniques. 

 In this study, we focus on classification problems, where the ML technique is fed with a dataset 

D containing n observations xi, each labeled in a class yi �Å Y. In addition, each observation xi is a tuple 

described by N characteristics or features in an input space I. The objective in supervised ML is to learn 

a mapping from set I to set Y in the form of a hypothesis or model h (aka classifier), which can then be 

used to predict the labels of new observations. Many real data available for learning unavoidably contain 

noise, extraneous and ambiguous features, which can degrade the predictive performance of ML models. 

One common and effective solution is Feature Selection (FS), a data preprocessing step to select useful 
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features and remove unnecessary features from an initial dataset, reducing dimensionality by selecting a 

subset R of the initial set N where R < N [2]. It can be formulated as an optimization problem that aims 

to minimize the number of features and maximize the model's classification accuracy when using this 

data [3].  

 Three types of approaches are widely used for FS: filter, wrapper, and embedded. The first acts 

independently of ML algorithms, and according to some statistics-reliant criteria, irrelevant and 

redundant features can be eliminated directly from the dataset. The wrapper-based approach uses some 

search strategy to determine a subset within the dataset and selects the subset for which a given classifier 

achieves maximum accuracy. In the embedded-based approach, FS is performed internally into the ML 

technique as part of its training phase [4]. Wrapper solutions have the advantage of selecting subsets of 

features that maximize the accuracy of a classifier more effectively, despite its higher computational cost 

compared to filter-based solutions [5]. 

 There are two ways to devise a wrapper-mode FS approach: a search strategy to find promising 

feature subsets, and an ML algorithm to evaluate the quality of the subset found [6]. The FS problem can 

be considered a Nondeterministic Polynomial (NP) - hard problem [7]. A dataset with N features creates 

a search space with 2N subsets that must be tested to select the best possible [8]. The combinatorial nature 

of FS makes metaheuristics one of the main options for solving this optimization problem. Regarding the 

ML algorithm used to evaluate the quality of the features' subsets, in this work, we use KNN (K-Nearest 

Neighbor). This is a popular distance-based ML algorithm that can benefit from a proper dimensionality 

reduction of the learning dataset. 

 Sharma and Kaur [9] studied nature-inspired metaheuristic techniques for the FS problem. The 

authors analyzed 176 articles and showed that these techniques gained much interest from the scientific 

community and provided outstanding outcomes. Therefore, many algorithms and adaptations have been 

proposed, such as gray wolf optimizer [10], Henry gas solubility optimization [11], pigeon optimization 

algorithm [12,89], Harris Hawks optimization [13], particle swarm optimization [14], hunger games 

search [3], emperor penguin optimizer [16], ant colony optimization [17], crow search algorithm [90,91], 

slime mould algorithm [92], and others [18-26]. 

 All metaheuristics have general hyperparameters (e.g., the number of iterations and population 

size) and other specific parameters that must be properly tuned. Combining these parameters regulates 

the most significant challenge for each search and optimization algorithm: exploration and exploitation 

capabilities. The former emphasizes new solutions in the search space, while the latter aims at improving 

the solutions found locally [28]. The correct MH tuning parameters is still an open problem in computer 

science [29], and according to Yang [29] and the no-free-lunch (NFL) theorem [30], a single algorithm 
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cannot deal with all optimization problems with the best exploration, exploitation, and low computational 

cost capacities, which always will guarantee space for new algorithms. In accordance with this and unlike 

the methods mentioned in the literature, this paper investigates the proposal of a MH with just specific 

hyperparameters (e.g., population and iterations numbers) for FS, exempting users from this task, that 

can find the best and lowest sets of features with the highest accuracy and the lowest computational cost. 

 The Lichtenberg Algorithm (LA) [31] is a lightning-inspired optimizer that employs trajectory 

and population-based mechanisms in a single algorithm, allowing it to explore and exploit the search 

space more effectively. The optimizer creates a Lichtenberg figure (LF) by using the diffusion-limited 

aggregation theory [32,33] and plots it with random sizes and rotations in a n-dimensional search space 

at each iteration. A limited number of points from it are selected as population. This allows the optimizer 

to have iterations with both exploration and exploitation capabilities, but unlike many metaheuristics that 

have great exploration capacity only at early iterations, LA keeps this capacity in all iterations, showing 

its high possibility of finding global optima, especially in problems with many variables. LA has provided 

outstanding results in many optimization applications, such as damage identification of cracks [34] and 

delaminations [35], isogrid tube design [36-38], multi-objective problems [39], hydrogen production 

[40], manufacturing process [41,42], wind forecast [43], sensor placement [44], etc. 

 Then, a new few-hyperparameters LA version called the Golden Lichtenberg Algorithm (GLA) 

is proposed, where the random sizes scales applied per iteration in the original LA are replaced by a scale 

of numbers that follow the Fibonacci sequence. GLA will have greater and consistent exploration power 

in the initial iterations and better exploitation in the later ones. The size of the LF progressively decreases 

according to the golden ratio to balance and enhance exploration-exploitation capabilities, from 100% to 

approximately 1% of the search space, suggesting an optimal LF's size decay. The Fibonacci sequence 

has a series of numbers where each one is the sum of the two preceding numbers. Still, the ratio of the 

current number to its predecessor always maintains the golden number [45]. It has been demonstrated as 

a powerful number found in nature to express geometry and optimize phenomena. Also, its applications 

in the literature have reported excellent results and improvements, such as univariate optimization as the 

Fibonacci search [46,47], improving MH's performance in various applications [48-55], artificial neural 

networks [56,57], and Bayesian classifiers [58].  

 The proposed GLA and LA are applied in FS, and their results are compared to those of other 

popular metaheuristics. Since they are designed for continuous optimization, adaptations are made in this 

study by discretizing the search space with the v-shaped transfer function. The KNN classifier is the 

feature subsets' evaluator. The proposed method is tested on 15 datasets from the UCI Machine Learning 

repository [59] that are widely employed in the literature. Eight efficient or modern metaheuristics are 
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regarded as benchmarks: Genetic Algorithm (GA), Differential Evolution (DE), Whale Optimization 

Algorithm (WOA), Particle Swarm Optimization (PSO), Monarch Butterfly Optimization (MBO), 

Dragonfly Algorithm (DA), Salp Swarm Algorithm (SSA), and Harris Hawks Optimization (HHO).  

 Section 2 presents Feature Selection as a Wrapper and its connection with MH. The Lichtenberg 

Algorithm is introduced in Section 3, and the Golden Lichtenberg Algorithm is proposed in Section 4. 

The Experimental Results and Discussions are shown in Section 4, and the Conclusion is in Section 5. 

2. FEATURE SELECTION PROBLEM AS A WRAPPER METHOD  

FS is a complex binary optimization problem whose objective is to reduce the number of features 

of an original dataset and, at the same time, increase the predictive accuracy that can be attained by using 

such a reduced dataset to train an ML technique. This work employs the FS search as a wrapper with the 

KNN algorithm, searching for subsets that have the least number of features while maximizing KNN 

predictive accuracy. The length of the vector of the decision variables is equal to the original number of 

features of each dataset, where 1 means to select the corresponding feature and 0 eliminates it. Therefore, 

the underlying optimization process is binary and discrete. 

The quality of these feature subsets is evaluated according to the predictive accuracy of the KNN 

classifier. KNN is one of the best-known and most used ML algorithms to solve classification problems 

due to its robustness, effectiveness, and simplicity [61,62]. Recent works have also used it as a classifier 

associated with binary meta-heuristics for wrapper FS [1, 2, 4, 5, 15, 17, 60-66]. KNN is a distance-based 

learning model that sets K as the most similar training instance for a new query instance and labels it 

according to a majority voting scheme.  

Minimizing the number of features while maximizing the accuracy are often opposite objectives, 

and for this reason, the FS problem is considered a complex multi-objective optimization problem. This 

paper will measure the accuracy through the complementary classification error rate, which should be 

minimized. The two objectives are combined as a single objective to be minimized through the function 

expressed in Equation 3, also used in the works [1, 2, 4, 5, 15, 17, 60-68]. 

 
( ) (1 )

R
f ERR D

N
� D � D� �u �� �� �u

 

(3) 

where ERR(D) is the classification error rate (evaluated using a dataset D in a cross-validation scheme), 

|R| is the number of features selected, |N| is the original number of features the dataset has, and �. is a 
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constant that defines the two objective weights. In accordance with the same previous works, we set �.��� ��

0.99 in this study, which is given to obtain the feature subsets with high accuracy. 

 This work will apply ten MH, including the LA and the GLA, to solve this optimization problem. 

However, MH are originally programmed to work with continuous problem optimization, and they need 

to be converted for binary optimization. There are two main groups of strategies to do this [69]:  

i) General approaches, where the search metaheuristic is not modified, such as transfer 

function [21], angle modulation [70], and great value priority [71]. 

ii)  Specific approaches, where it is modified:  Boolean [72], set-based [73], quantum binary 

[74], and estimation of distribution techniques [75]. 

The best and widely used method to adapt metaheuristics to discrete optimization is to apply a 

transfer function, such as s-shaped and v-shaped (see Figure 4). Previous work has already been done in 

the literature comparing both, and most concluded that the v-shaped transfer function is the best for FS 

[76,77], since it does not force the population (or particles) to be binary (0 or 1) [78]. 

 

  

a) s-shaped b) v-shaped 

Figure 4 - Transfer functions (adapted from [60]) 

Thus, the MH will be equipped with a v-shaped transfer function and use two steps to force the 

population to be located in a binary search space. This process uses Equations (1) and (2) [76]. Equation 

(1) represents the v-shaped transfer function form. Each continuous decision vector element generated 

by the MH is used as an input in this equation.  
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( )
2 1

x
T x

x

�'
� ' �  

� ' � �
 

(1) 

The �7��
Ù�[�� value generated in Equation (1) is used in Equation (2) to calculate the probability of 

an element to be 1 or 0, and rand is a random number between 0 and 1.  

 
, ( )1

1 , ( )1

X rand T xt tXt X rand T xt t

�­�°
�®
�°�¯

�™ �� �' ��� �� � t � '��  
(2) 

 

3. LICHTENBERG ALGORITHM  

The first step of the original Lichtenberg Algorithm is to create a Lichtenberg Figure (LF) to be 

launched with random rotation and size per iteration into the search space, always being positioned from 

its center, which is the best point of all iterations so far. The number of iterations (Niter) is its stop criterion. 

These LF are composed of many points in the Cartesian space, where only a limited number of population 

are selected in the LF to be evaluated in the objective function. Then, if LF's size is small, it encourages 

exploitation; otherwise, exploration [31].  

This LF is the most important algorithm step, which is a figure with a tortuous aspect generated 

by electric propagation in dielectric materials [79, 80]. The best theories dealing with LF formation are 

purely numerical and based on cluster growth, where LF is treated as a cluster, and the diffusion-limited 

aggregation theory (DLA) [32,33] has the lowest computational cost [31].  

Three LA's parameters come from DLA: the number of particles (Np), creation radius (Rc), and 

the stickiness factor (S). Twice Rc determines the number of rows and columns to create a matrix of zeros 

with a dimension of the number of problem variables. The center of this matrix is an element of value 

one. A random process starts in which unit values are randomly generated. If the unit value is plotted 

beside another unit value, this element has an S probability of attaching to the cluster. It controls the 

cluster's (LF) density. If the parameter S is close to 1, the cluster will have a low density of particles. If 

close to zero, the cluster tends to have a higher density. This will occur until the cluster contains Np 

particles or the Rc limit is reached. In this case, the cluster can have fewer than Np particles.  

However, the stochastic process of creating an LF is very slow. To circumvent this computational 

cost, a new parameter called LF Switch Factor (M) was created. Setting M = 1, just one LF is created and 
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used in all iterations, and if it is worth 2, every iteration creates a new LF. The option with the lowest 

computational cost is to select M equal to zero, which makes an optimized LF figure to be loaded (with 

Np = 106, Rc = 200, and S = 1). The values used to build this optimized LF were found after in-depth 

statistical analyzes and LA enhancement using Design of Experiments (DoE), ten complex test functions, 

and several simulations. It was published by Pereira et al. [81] and the same parameters are used here for 

both LA and GLA. 

The last parameter created to improve exploitation was the ref parameter. If non-zero, a second 

LF (red in Figure 1) is created at a ref scale the size of the original (blue in Figure 1). After the studies 

presented [81], an optimal value to ref was also proposed, which was 0.4. Half of Pop is always forced 

to stay in the red LF. Table 1 brings the original LA's pseudocode, and Figure 1 shows it acting in a bi-

dimensional search space. 

Unlike most metaheuristics in which the population is constrained in an increasing search space 

through iterations, due to the random size of the LF, LA guarantees excellent exploration capability until 

the last iterations. This has made the algorithm successful in problems with a large number of variables 

or multimodality, as in the FS problem. 

 

Table 1 �± LA's Pseudocode (Adapted from [31]) 
Algorithm 1  - Main 
Set the search space and objective function �± upper and lower bounds and J 
Set the population and iteration numbers �± Pop and Niter (common to all MH)   
Set LF Parameters �± Rc, Np, S 
Set Refinement and Parameter for changing the LF �± Ref, M 
if M = 0, load LF, end if 
if  M = 1, Create a LF, end if 
while (iter < Niter) do 
      if  M = 2, Create a LF, end if 
      Xtrigger = search space center (trigger point of the first LF) 
          if  ref = 0 
          Apply random scale and rotation 
          Initialize random population through LF, Xi ( i � ���������������«������Pop) 
          else 
          copy LF to create a second LF of size ref * LF (Local) 
          Apply the same random scale and rotation to both 
          Initialize global random population through LF, Xglobali ( i � ���������������«�������������
Pop) 
          Initialize local random population through LF, Xlocalj ( j � ���������������«�������������
Pop) 
          Xi = Xglobali + Xlocalj 
          end if 
      Calculate the fitness of each Xi  
      Xbest = the lowest Xi value found 
      Xtrigger =  Xbest 
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      Iter = iter +1 
end while 
return  Xbest 
 
Algorithm 2  �± Creation of LF 
Create a matrix of Rc-sized zeros 
Place a unitary particle in its center 
While (i < Np) do 
     Randomly place a unitary particle in the matrix 
     if  the plotted unitary particle t is next to another unitary particle 
           if rand < S 
           This new unitary particle is placed in the matrix 
           i = i + 1 
           else 
           The plotted unitary particle is eliminated 
           end if  
     end if      
     if the cluster of unitary particles reaches Rc 

      The simulation is finished 
     end if      
end while 
X = coordinates of all unitary particles for Cartesian space in the size of the search space. 

 

 

Figure 1 �± Population-trajectory Lichtenberg Algorithm 

4. GOLDEN LICHTENBERG ALGORITHM  

In this work, a new LA version is presented called the Golden Lichtenberg Algorithm (GLA). In 

it, the random scales applied to the LF every iteration are replaced by a descending sequence of numbers 

derived from the Fibonacci Sequence and Golden Number. With this and using the values found by 

Pereira et al. [81] for Np = 106, Rc = 200, S = 1, and ref = 0.4 after a complete study using DoE for 

different and complex test functions, many lines of the LA original code were excluded resulting in a 
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very short and clean code, as well as an even faster metaheuristic with just Pop and Niter parameters to be 

tuned by the user, which is common to all MH.  

The Fibonacci sequence has a series of numbers where each one is the sum of the two preceding 

numbers, being the first ones {1, 1, 2, 5, 8, 13, 21, 34, 55, 89, 144, 233, 233, 377, 610, 987, 1597, 2584, 

�«�`�����$�Q���L�Q�W�H�U�H�V�W�L�Q�J���S�U�R�S�H�U�W�\���R�I���W�K�L�V���V�H�T�X�H�Q�F�H���L�V���W�K�D�W���W�K�H���U�D�W�L�R���R�I���W�Z�R���F�R�Q�V�H�F�X�W�L�Y�H���Q�X�P�E�H�U�V�����H�[�F�O�X�G�L�Q�J���W�K�H��

first three) always results in the golden number, which equals 1.618 [45]. It has been increasingly 

demonstrated that this powerful number found in nature can optimize structures, phenomena, and 

complex systems such as in galaxies, the growth of trees maximizing light absorption by plants, tornado 

formation, shells, snail lacquer, Parthenon Temple, Egyptian pyramids, among others. See Figure 2.  

To be applied in the LA, a sequence starting from a scale of 1 (or 100% the size of the Search 

Space) is applied. Then, it will be divided by the golden number (1.618) until the end of the iterations. 

However, this results in a very precipitate decay of the LF size, leaving it very small. With just 10 

iterations, the sequence achieves 0.0132 (or 1.32% of the search space size). The best way found in this 

study was to generate the first 10 numbers of the proposed sequence (Ranging from 100% to 

approximately 1% of the search space) and repeat them according to the number of iterations. In this 

study, which considers 100 iterations, each one will be repeated 10 times. The sequence is FiboSeq = {1 

0.6180 0.3819 0.2360 0.1459 0.0902 0.0557 0.0344 0.0213 0.0132}.  

 

Figure 2 �± Fibonacci sequence in nature [49] 

  Note that random rotations are still applied to every iteration, and in a common case of 100 

iterations, the first 10 iterations will have a scale of 100% of the search space, while in the last 10, only 
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1.32%. Thus, the GLA will have great exploratory power at the beginning of the optimization and greater 

exploitation in the final stages. See Figure 3. FiboSeq repeats each one of its numbers 10 times, 

controlling the size of the LF, making it larger at the beginning of the optimization, and reducing it until 

the last iterations. The black dots are the randomly selected Pop points from LF, which are always 

centered by the yellow star (the best solution found in all iterations). Table 2 presents its pseudocode. 

 

   
a) 1 to 10 iterations b) 11 to 20 iterations c) 21 to 30 iterations 

   
d) 31 to 40 iterations e) 41 to 50 iterations f) 51 to 60 iterations 

   
h) 71 to 80 iterations h) 71 to 80 iterations i) 81 to 90 iterations 

Figure 3 �± GLA in a two-dimensional decision variables problem with 100 iterations. 

Table 2 �± GLA's Pseudocode  
Algorithm 1  - Main 
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Set the search space and objective function �± upper and lower bounds and J 
Set the population and iteration numbers �± Pop and Niter (common to all MH)   
Load LF 
Load FiboSeq and repeat each element 10 times (same 10 values together) 
for i = 1 to Niter do 
      Xtrigger = search space center (trigger point of the first LF) 
          copy LF to create a second LF of size 0.4 * LF (local) 
          Apply FiboSeq (i) to both 
          Initialize global random population through LF, Xglobali ( i � ���������������«�������������
Pop) 
          Initialize local random population through LF, Xlocalj ( j � ���������������«�������������
Pop) 
          Xi = Xglobali + Xlocalj 
          Calculate the fitness of each Xi  
          Xbest = the lowest Xi value found 
       Xtrigger = Xbest 
end for 
return  Xbest 
 

 

 

5.      NUMERICAL RESULTS AND DISCUSSION  

The two LA based on the v-shaped transform function were associated with the KNN classifier 

with Kknn = 5 neighbors, a value recommended by [24], and tested in fifteen well-known benchmark 

datasets from the UCI data repository [59], shown in Table 3. Each dataset is first divided using the 5-

fold stratified cross-validation method. Cross-validation is a standard strategy to evaluate ML models 

where the dataset is divided into multiple exclusive training and testing sets [82]. For such, the dataset is 

first divided into 5 folds of approximately equal size, and 5 training-testing rounds are performed. In 

each round, 4 folds are joined for training, and the remaining fold is left out for testing. An inner 5-fold 

cross-validation in the training folds is used to assess the average predictive performance of the KNN 

classifier in the fitness function expressed in Equation 3. Therefore, the testing sets of the external cross-

validation are not used during the search of the subsets of features, preventing any data leakage during 

the evaluation of the FS results. More specifically, we have: i) External CVM (ECVM): the dataset is 

divided before optimization into KECVM = 5 folds. Four of them are sent to the meta-heuristic for the 

optimization process, while the last one is reserved externally for testing the final optimal results. This 

step is repeated 5 times per metaheuristic and dataset, ensuring that all metaheuristics will be tested with 

the same folds; ii ) Internal CVM: here is where the optimization occurs. The training part of the initial 

dataset (4/5) selected in the ECVM will always be the same in the optimization and objective function 

evaluation, but it goes through internal cross-validation with also KICVM = 5 folds where the overall 
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average error rate is used in Equation 3 to guide the metaheuristic. This optimization, still with the same 

folds, is repeated 30 times per metaheuristic to obtain a mean and standard deviation performance; iii ) 

Final result: the optimized features found in each one of the previously 30 optimizations per MH are 

returned to the external cross-validation where the KNN's accuracy with these features is calculated using 

the last remaining and unknown test fold; and iv) the process is repeated with the other ECVM folds. 

Each MH was executed 30 times as described in ii,  and considering the ECVM, a total of 150 

iterations were performed. In addition to validating the proposed method, nine well-established FS meta-

heuristics are selected for comparison: i) Particle Swarm Optimization (PSO) [83]; ii ) Differential 

Evolution (DE), iii ) Genetic Algorithm (GA) [84]; iv) Monarch Butterfly Optimization (MBO) [65]; v) 

Salp Swarm Algorithm (SSA) [85]; vi) Whale Optimization Algorithm (WOA) [51]; vii) Harris Hawks 

Optimization (HHO) [86], viii ) Manta ray Foraging Optimization (MRFO) [77], and the original LA [31].  

 

 

Table 3 �± Description of datasets. 

No. Dataset No. of features No. of classes No. of observations 

1 BreastEW 30 2 569 

2 BreastCancer 10 2 699 

3 Exactly 13 2 1000 

4 Exactly2 13 2 1000 

5 Heart 22 2 270 

6 HeartEW 13 2 270 

7 KrvskpEW 36 2 3196 

8 M-of-n 13 2 1000 

9 Sonar 60 2 208 

10 SpectEW 22 2 267 

11 Tic-tac-toe 9 2 958 
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12 Vote 16 2 300 

13 Wine 13 3 178 

14 Wpbc 34 7 198 

15 Zoo 16 7 101 

 

All these algorithms have general hyperparameters (iterations and search agents) and some other 

specific parameters (excluding GLA) whose choice must be correct so as not to compromise their 

efficiency. For this reason, while the general parameters were the same for all algorithms for fair 

comparison, the specific ones were set as recommended by the respective authors in the works that 

published these algorithms for FS. They found the values using diverse strategies that were well 

addressed in their papers. They are all in Table 4. Considering the numbers of iterations and search agents 

(100 and 10), both CVM, the KNN's test after optimizations, the number of MH and datasets, this 

experiment will run the KNN ((100 
H 10 
H 5 
H 30) 
E 30) 
H 5 
H 10 
H 15 = 112,522,500 times. 

The results obtained for all datasets for all metaheuristics can be found in Tables 5 �± 8. Table 5 

presents the classification accuracy results of KNN in the external cross-validation partitions when using 

the original datasets (with all features - AF) and the reduced datasets with features found by all MH. It 

can be seen through the final Average (Avg.) that all MH, in general, improved the KNN's accuracy over 

the original datasets, although not for all datasets. For the Breast EW and Heart datasets, the best 

accuracies were using AF (0.9613 and 0.7630), even though the MH has reduced the number of features 

for less than half of the original numbers while presenting almost the same accuracy. 

It is clear that the GLA had the best average accuracy compared to all other MH (0.8570), due to 

its best performance on Breast Cancer, Exactly, M-of-n, SpectEW, Vote, Wpbc, and Zoo datasets. Then 

comes the most used and classic algorithms, GA (0.8413) and DE (0.8408). The worst results, on average, 

were achieved by HHO (0.8197), WOA (0.8310), and PSO (0.8327). The LA, MRFO, MBO, and PSO 

never had the best accuracies on any dataset. It is important to highlight that all these results are less 

optimistic than several other studies published in FS due to the appropriate usage of inner and outer cross-

validation schemes, where test sets are preserved and not used for evaluating the features subsets during 

the optimization process. Also, the well-established GA and DE defeated many new and more 

sophisticated methods.  

Table 4 �± Control Parameters of All meta-heuristics 
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General 

 Iterations number 100 

 Search agents' number 10 

 Independent runs number 30 

Algorithm  Special Value 

GLA - - 

LA 

Creation Radius 200 

Number of Particles 106 

Stickiness Coefficient 1 

M 0 

Refinement 0.4 

PSO 

The cognitive coefficient and social coefficient 2 

The inertia weight 0.9 

The velocity of particle movement 0.5 

DE 
Scaling factor 0.5 

Crossover probability 0.9 

GA 
Crossover rate 0.8 

Mutation rate 0.01 

MBO 

Migration period 1.2 

Ratio 5/12 

Butterfly adjusting rate 5/12 

Levy component 1.5 

SSA Random numbers regarding salps position update [0,1] 
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WOA A constant in the position updating mechanism 1 

HHO Levy component 1.5 

MRFO Somersault factor 2 

 

Table 6 presents the number of features selected by the MH (dataset dimension), and smaller 

values in this metric represent a better performance in FS. All algorithms significantly reduced the 

number of features, which speeds up the training time of any ML model. MBO obtains the smallest 

number of selected features in Avg (9.8241), followed by GA (9.8874) and LA (10.0654). The worst 

algorithms in selecting fewer features in Avg were DE (12.8224), WOA (10.9261), and PSO (10.4680). 

Considering a trade-off of accuracy and number of features retained, GA showed to be between the best. 

However, as seen in Eq. 3, the accuracy has more weight when guiding all the MH. 

 

 

 

Table 5 �± Accuracy in UCI repository Datasets 

Dataset  PSO DE GA MBO SSA WOA HHO MRFO LA  GLA  AF 

Breast Cancer 
Avg. 0.9455 0.9498 0.9480 0.9485 0.9455 0.9486 0.9452 0.9437 0.9476 0.9566 0.9556 

Std. 0.0169 0.0159 0.0189 0.0193 0.0186 0.0145 0.0188 0.0175 0.0193 0.0127 0.0000 

Breast EW 
Avg. 0.9493 0.9491 0.9491 0.9468 0.9494 0.9421 0.9420 0.9461 0.9560 0.9606 0.9613 

Std. 0.0160 0.0151 0.0130 0.0139 0.0138 0.0153 0.0152 0.0149 0.0200 0.0298 0.0000 

Exactly 
Avg. 0.9253 0.9699 1.0000 0.9645 0.9334 0.8996 0.8040 0.9855 0.9820 0.9997 0.7310 

Std. 0.1158 0.0497 0.0000 0.0667 0.1016 0.0875 0.1380 0.0241 0.0309 0.0006 0.0000 

Exactly 2 
Avg. 0.7430 0.7376 0.7397 0.7409 0.7366 0.7547 0.7493 0.7545 0.7479 0.7234 0.6670 

Std. 0.0425 0.0427 0.0400 0.0357 0.0412 0.0358 0.0358 0.0351 0.0365 0.0403 0.0000 

Heart 
Avg. 0.7392 0.7374 0.7325 0.7470 0.7448 0.7485 0.7437 0.7422 0.7463 0.7566 0.7630 

Std. 0.0692 0.0741 0.0593 0.0704 0.0679 0.0645 0.0633 0.0650 0.0660 0.0518 0.0000 

Heart EW Avg. 0.7403 0.7455 0.7377 0.7411 0.7337 0.7485 0.7659 0.7492 0.7417 0.7526 0.7628 
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Std. 0.0561 0.0469 0.0415 0.0448 0.0632 0.0414 0.0514 0.0426 0.0461 0.0495 0.0000 

KrVsKpEW  
Avg. 0.9575 0.9687 0.9487 0.9663 0.9528 0.9454 0.9383 0.9622 0.9469 0.9556 0.8263 

Std. 0.0258 0.0140 0.0159 0.0159 0.0132 0.0218 0.0218 0.0153 0.0200 0.0158 0.0000 

M-of-n 
Avg. 0.9750 0.9968 1.0000 0.9913 0.9565 0.9451 0.9071 0.9858 0.9950 1.0000 0.8140 

Std. 0.0501 0.0052 0.0000 0.0189 0.0604 0.0553 0.0722 0.0221 0.0111 0.0000 0.0000 

Sonar 
Avg. 0.8448 0.8539 0.8502 0.8497 0.8541 0.8477 0.8491 0.8491 0.8435 0.8539 0.8509 

Std. 0.0547 0.0578 0.0510 0.0539 0.0526 0.0635 0.0546 0.0587 0.0513 0.0554 0.0000 

SpectEW 
Avg. 0.7513 0.7663 0.7685 0.7602 0.7494 0.7535 0.7531 0.7554 0.7310 0.8402 0.7455 

Std. 0.0469 0.0461 0.0495 0.0502 0.0414 0.0330 0.0389 0.0427 0.0817 0.0505 0.0000 

Tic-tac-toe 
Avg. 0.7944 0.8080 0.8096 0.7955 0.7916 0.7896 0.7724 0.7966 0.7957 0.8008 0.7610 

Std. 0.0444 0.0378 0.0410 0.0445 0.0404 0.0431 0.0311 0.0377 0.0253 0.0213 0.0000 

Vote 
Avg. 0.9293 0.9233 0.9310 0.9286 0.9303 0.9330 0.9316 0.9360 0.9336 0.9450 0.8933 

Std. 0.0243 0.0218 0.0245 0.0220 0.0243 0.0191 0.0206 0.0247 0.0244 0.0326 0.0000 

Wine  
Avg. 0.9573 0.9646 0.9647 0.9590 0.9624 0.9602 0.9535 0.9562 0.9574 0.9660 0.9552 

Std. 0.0290 0.0201 0.0273 0.0296 0.0240 0.0294 0.0325 0.0262 0.0339 0.0069 0.0000 

Wpbc 
Avg. 0.2842 0.2768 0.2766 0.2919 0.2825 0.2918 0.2874 0.2742 0.2871 0.3511 0.2843 

Std. 0.0682 0.0886 0.0659 0.0731 0.0799 0.0875 0.0842 0.0726 0.0608 0.0392 0.0000 

Zoo 
Avg. 0.9552 0.9651 0.9641 0.9672 0.9590 0.9578 0.9534 0.9642 0.9660 0.9930 0.9705 

Std. 0.0353 0.0324 0.0325 0.0307 0.0333 0.0341 0.0372 0.0273 0.0423 0.0138 0.0000 

Avg. 
Avg. 0.8327 0.8408 0.8413 0.8399 0.8321 0.8310 0.8197 0.8400 0.8385 0.8570 0.7961 

Std. 0.1782 0.1839 0.1854 0.1798 0.1787 0.1728 0.1701 0.1835 0.1823 0.1706 0.1713 

 

The best algorithm from an optimization perspective is the one that achieves the best fitness 

values. In other words, it not only must find reduced numbers of features, but they must also result in 

better accuracy. Table 7 shows these results. GLA achieved the best fitness results with a 0.1143 Avg 

accuracy, followed by GA (0.1153) and MBO (0.1177).  It is possible to note that GLA and GA had very 

close results, with GLA leading more in accuracy and GA in reducing the number of features. The worst 
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MH were HHO (0.1476), WOA (0.1367), and SSA (0.1321). GLA, GA, and MBO were the only MH 

with the best fitness in multiple datasets. 

 

 

 

 

Table 6 �± Number of features found in UCI repository Datasets 

Dataset  PSO DE GA MBO SSA WOA HHO MRFO LA  GLA  AF 

Breast Cancer 
Avg. 5.3403 6.1260 5.5400 5.1410 5.1114 6.1288 5.9229 5.7972 5.7311 5.7120 10 

Std. 1.0776 0.8430 1.1996 0.7092 0.4417 1.3883 1.6373 1.3837 1.1293 1.3937 - 

Breast EW 
Avg. 14.506 18.7028 14.4000 14.2016 15.2671 16.9206 16.2349 15.2403 15.2403 15.2239 30 

Std. 2.0636 1.3871 2.2009 1.3076 0.8804 4.7667 3.6883 2.6535 2.6535 3.362 - 

Exactly 
Avg. 7.1944 7.8259 6.0000 6.4287 6.9576 7.6353 7.3668 6.9565 6.2821 6.4511 13 

Std. 0.8909 0.6964 0.0000 0.7758 0.6252 2.0615 2.7562 1.1741 1.5598 0.9538 - 

Exactly 2 
Avg. 4.7799 7.7538 3.4600 5.3598 5.7999 4.3676 3.7139 3.0248 3.9426 5.1435 13 

Std. 2.0463 2.1269 3.1757 1.636 1.3013 1.1993 2.2435 1.5678 2.1189 2.2146 - 

Heart 
Avg. 7.4107 8.5272 7.7600 6.8564 6.8612 8.3820 7.5263 7.9636 7.5447 7.5389 22 

Std. 1.0744 0.7575 1.4418 0.8789 0.6669 1.5511 1.6466 1.7084 1.3562 1.5296 - 

Heart EW 
Avg. 8.6422 7.2000 6.8837 6.8443 8.2004 8.2985 7.4051 7.9184 7.6011 7.9088 13 

Std. 1.0027 1.3958 1.0199 0.6002 1.7083 1.5347 1.8055 2.0938 1.4351 1.5256 - 

KrVaKpEW  
Avg. 19.9379 23.2767 21.1285 17.8494 18.4055 22.6856 20.6938 20.6400 20.5007 20.2541 36 

Std. 2.3659 1.2239 1.1105 1.4325 1.1922 3.3023 5.0935 3.0634 3.6536 2.4608 - 

M-of-n 
Avg. 7.4331 7.6712 6.0000 6.4408 7.1230 7.5461 7.7688 6.9259 6.3341 6.5888 13 

Std. 0.8854 0.6538 0.0000 0.6260 0.5287 1.4977 1.7673 1.2256 1.2429 1.0311 - 

Sonar 
Avg. 28.8478 38.5321 27.7200 27.6023 29.6376 33.0008 29.8072 30.7641 28.5671 29.9042 60 

Std. 2.6842 2.4913 3.4321 1.9840 1.3023 7.8082 7.4788 6.5966 5.2717 6.5727 - 

SpectEW Avg. 10.8901 13.8802 10.2000 10.2689 10.7777 9.0410 9.8697 9.0195 10.0315 9.0839 22 
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Std. 1.6180 1.2909 2.3156 1.4704 0.8332 5.4521 3.6354 4.2645 3.3805 2.8444 - 

Tic-tac-toe 
Avg. 6.2901 6.1836 6.8000 5.4731 4.9951 6.5430 5.4622 6.4096 5.7994 6.0758 9 

Std. 0.6115 0.6224 0.4025 0.4645 0.3894 1.0031 1.4263 0.6301 0.6976 0.7989 - 

Vote 
Avg. 5.4233 8.1686 4.8800 5.8763 7.3451 4.9721 5.9668 4.9734 5.6985 6.3373 16 

Std. 1.2240 1.1147 1.5237 1.0277 0.8339 2.1282 2.3661 1.6111 1.9620 1.9472 - 

Wine  
Avg. 7.027 8.1093 7.1200 6.8529 7.0362 8.0615 7.0808 7.4577 6.6776 6.3524 13 

Std. 0.9373 0.6788 0.8213 0.7482 0.4505 1.6915 1.8129 1.3583 1.3890 1.1852 - 

Wpbc 
Avg. 15.4429 20.6377 14.4600 14.5126 16.8119 12.1714 11.5315 11.8566 13.3989 15.0907 34 

Std. 2.2421 1.4274 2.9056 1.7379 1.4293 5.8513 4.6882 3.6189 3.6828 4.6468 - 

Zoo 
Avg. 7.8544 9.7410 5.9600 7.6538 7.9474 8.1376 9.2830 7.9859 7.6323 6.6119 16 

Std. 1.2305 1.0554 1.4716 0.9371 0.7537 2.0543 2.3307 2.1454 1.5033 1.5939 - 

Avg. 
Avg. 10.4680 12.8224 9.8874 9.8241 10.5518 10.9261 10.3755 10.1955 10.0654 10.2851 21.33 

Std. 6.6631 9.0102 6.8002 6.2814 6.7808 7.7409 6.9312 7.1606 6.7649 6.9917 - 

 

Another important metric is the Optimization Time to run these experiments, which is shown in 

Table 8. The computer used was a DELL core i7 with 16GB RAM SSD with 1 TB HD, and all algorithms 

are implemented in MATLAB. The parameters-free GLA had the second-best computational cost on 

Avg (17.0101s), behind WOA (16.7249s), while GA had the second worst result (27.8080s), just in front 

of MRFO (30.3629s). Regarding this, the difference between GLA and GA for the FS problem becomes 

more evident.  

The radar plot [88], presented in Figure 5, is an easy tool to summarize the results. It normalizes 

the main objectives of this work: error rate (complement of accuracy), number of features, and 

computational cost. In parenthesis, we present the area of the radar plot of each MH. The lower the area, 

the better the results, considering a trade-off of accuracy, dimensionality reduction, and computational 

cost. As GLA had the lowest error rate and the second lowest computational time, it had the lowest area 

in the radar plot (0.008 �± See the legend in Figure), being the best algorithm in FS considering these three 

objectives together. Then comes MBO (0.0261), the original LA (0.0394), and PSO (0.068). Here, it can 

be seen how the computational cost impacts the main results of the FS problems if considered.  

 

Table 7 �± Fitness value ( f ) found in UCI repository Datasets 
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Dataset  PSO DE GA MBO SSA WOA HHO MRFO LA  GLA  

Breast Cancer 
Avg. 0.0314 0.0310 0.0298 0.0309 0.0327 0.0331 0.0352 0.0306 0.0341 0.0337 

Std. 0.0044 0.0050 0.0038 0.0052 0.0037 0.0055 0.0051 0.0042 0.0050 0.0060 

Breast EW 
Avg. 0.0248 0.0251 0.0219 0.0219 0.0285 0.0305 0.0302 0.0251 0.0251 0.0241 

Std. 0.0046 0.0038 0.0036 0.0035 0.0044 0.0052 0.0049 0.0040 0.0048 0.0061 

Exactly 
Avg. 0.0713 0.0344 0.0106 0.0360 0.0685 0.1050 0.1873 0.0181 0.0217 0.0051 

Std. 0.0993 0.0426 0.0000 0.0581 0.0878 0.0858 0.1195 0.0208 0.0285 0.0007 

Exactly 2 
Avg. 0.2479 0.2459 0.2454 0.2458 0.2490 0.2418 0.2453 0.2407 0.2445 0.2305 

Std. 0.0124 0.0111 0.0112 0.0097 0.0113 0.0100 0.0136 0.0084 0.0124 0.0207 

Heart 
Avg. 0.1561 0.1497 0.1462 0.1513 0.1609 0.1651 0.1717 0.1554 0.1666 0.1528 

Std. 0.0142 0.0174 0.0161 0.0152 0.0177 0.0158 0.0197 0.0144 0.0208 0.0174 

Heart EW 
Avg. 0.1602 0.1563 0.1512 0.1542 0.1646 0.1710 0.1765 0.1578 0.1699 0.1682 

Std. 0.0193 0.0194 0.0180 0.0165 0.0212 0.0199 0.0216 0.0151 0.0192 0.0192 

KrVaKpEW  
Avg. 0.0433 0.0334 0.0442 0.03320 0.0464 0.0564 0.0619 0.0393 0.0427 0.0365 

Std. 0.0202 0.0081 0.0073 0.0092 0.0096 0.0171 0.0169 0.0109 0.0108 0.0104 

M-of-n 
Avg. 0.0255 0.0073 0.0056 0.0113 0.0414 0.0498 0.0846 0.0158 0.0093 0.0050 

Std. 0.0403 0.0031 0.0000 0.0143 0.0494 0.0436 0.0568 0.0159 0.0103 0.0004 

Sonar 
Avg. 0.0748 0.0809 0.0600 0.0568 0.0876 0.0896 0.0900 0.0749 0.0896 0.0554 

Std. 0.0153 0.0157 0.0127 0.0125 0.0158 0.0173 0.0141 0.0178 0.0157 0.0175 

SpectEW 
Avg. 0.1779 0.1781 0.1669 0.1659 0.1840 0.1884 0.1902 0.1760 0.1856 0.1406 

Std. 0.0223 0.0185 0.0176 0.0164 0.0217 0.0158 0.0161 0.0224 0.0178 0.0500 

Tic-tac-toe 
Avg. 0.1863 0.1821 0.1801 0.1871 0.1904 0.1966 0.2094 0.1815 0.1873 0.1844 

Std. 0.0166 0.0133 0.0109 0.0178 0.0151 0.0209 0.0237 0.0091 0.0162 0.0210 

Vote 
Avg. 0.0393 0.0404 0.0385 0.0395 0.0463 0.0467 0.0478 0.0415 0.0443 0.0326 

Std. 0.0053 0.0064 0.0057 0.0067 0.0071 0.0056 0.0072 0.0050 0.0056 0.0330 

Wine  Avg. 0.0111 0.0094 0.0095 0.0108 0.0140 0.0172 0.0178 0.0099 0.0141 0.0084 
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Std. 0.0042 0.0038 0.0038 0.0034 0.0055 0.0065 0.0070 0.0040 0.0058 0.0071 

Wpbc 
Avg. 0.6232 0.6360 0.5996 0.5969 0.6399 0.6310 0.6333 0.6105 0.6307 0.6275 

Std. 0.0228 0.0206 0.0265 0.0216 0.0210 0.0299 0.0239 0.0241 0.0246 0.0390 

Zoo 
Avg. 0.0244 0.0214 0.0223 0.0244 0.0283 0.0297 0.0342 0.0224 0.0267 0.0102 

Std. 0.0091 0.0071 0.0090 0.0073 0.0098 0.0103 0.0138 0.0080 0.0109 0.0146 

Avg. 
Avg. 0.1265 0.1220 0.1153 0.1177 0.1321 0.1367 0.1476 0.1199 0.1261 0.1143 

Std. 0.1565 0.1615 0.1543 0.1529 0.1589 0.1550 0.1546 0.1556 0.1603 0.1611 

 

Another key point is to analyze these algorithms regarding their stability, that is, their ability to 

repeat results. This can be shown by boxplots. Although the means and deviations are obtained in Tables 

5-8, a visual analysis is clearer. Figure 6 shows the boxplot of all algorithms considering all results in all 

datasets. In terms of accuracy, all MH had outliers, and the quartile ranges and fitness values were closer. 

WOA, HHO, and MRFO were more consistent in finding the number of features, but they did not present 

the best mean results. GLA and WOA had the most visible optimization times, while GA, HHO, and 

MRFO had the most variable.  

Table 8 �± Optimization time in UCI repository Datasets 

Dataset  PSO DE GA MBO SSA WOA HHO MRFO LA  GLA  

Breast Cancer 
Avg. 18.7507 18.7164 29.2795 18.3063 17.5992 17.2418 28.3305 30.8661 18.4083 17.2166 

Std. 0.9521 0.3208 0.7431 0.4448 0.2947 0.5036 1.1768 0.8838 0.3653 0.4677 

Breast EW 
Avg. 16.3639 16.3506 26.1537 16.3133 16.3189 15.9420 26.0889 28.5045 17.4399 16.3432 

Std. 0.1548 0.0673 0.4686 0.1612 0.1345 0.3182 0.6990 0.6292 0.3067 0.3088 

Exactly 
Avg. 19.0384 18.9720 30.1574 18.9353 18.9902 17.3358 27.5119 32.2252 19.3980 18.2875 

Std. 0.1560 0.1342 0.4790 0.1933 0.1459 0.9071 2.3968 0.7039 0.4028 0.1076 

Exactly 2 
Avg. 18.5727 18.7289 29.2144 18.1000 18.4492 14.9068 25.3443 29.7534 17.9873 17.2688 

Std. 0.4971 0.3900 1.1984 1.0930 0.5187 1.9925 3.0763 1.9762 1.0062 0.9129 

Heart 
Avg. 15.6006 15.5233 24.9639 15.6026 15.9102 16.5257 26.9198 30.5275 16.6107 15.8116 

Std. 0.0803 0.1829 0.3213 0.1509 0.5676 0.6179 1.4511 0.9119 0.80736 0.4023 

Heart EW Avg. 15.5422 15.4823 24.8103 15.5805 15.5462 14.7785 30.2276 34.0149 21.6637 17.2670 
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Std. 0.1049 0.1847 0.3257 0.0963 0.0831 0.3542 4.0466 3.3265 2.6241 0.6202 

KrVsKpEW  
Avg. 28.8863 28.6066 41.8951 29.445 34.5014 29.824 39.4605 42.4590 28.3750 25.9198 

Std. 1.3617 3.5322 3.8471 1.7033 12.6038 1.2514 2.2536 1.9793 1.6547 0.5209 

M-of-n 
Avg. 19.1186 19.0496 30.1770 19.0211 19.0625 17.5692 29.0865 32.3012 19.5061 17.5962 

Std. 0.2258 0.1280 0.4075 0.1066 0.1020 0.9970 1.6525 0.7904 0.1896 0.3598 

Sonar 
Avg. 15.2403 15.3302 24.2790 15.1587 15.1771 14.7091 23.9176 26.5010 16.7990 15.8158 

Std. 0.0979 0.0823 0.4061 0.1343 0.1152 0.2343 1.1167 0.5406 0.1350 0.2388 

SpectEW 
Avg. 15.1318 14.8811 24.3455 15.2285 15.1455 13.6935 22.9290 26.2825 15.8422 13.1192 

Std. 0.3308 0.1064 0.7237 0.4142 0.3059 1.3012 1.2911 0.7991 0.5289 0.2640 

Tic-tac-toe 
Avg. 19.0333 19.2171 30.4960 19.1851 19.0311 18.6167 29.9307 33.4364 19.8074 18.3533 

Std. 0.1570 0.1382 0.4394 0.2124 0.2558 0.3957 1.4323 0.5842 0.2523 0.1260 

Vote 
Avg. 16.0242 16.0163 25.5717 15.9334 15.9718 14.6605 23.7586 26.8306 16.4599 14.8759 

Std. 0.1491 0.2556 0.4548 0.0861 0.0886 0.6648 1.8779 0.8722 0.2850 0.3122 

Wine  
Avg. 15.6022 15.6188 24.9322 15.6858 15.6432 14.9005 24.2176 26.8423 16.1801 15.7358 

Std. 0.1679 0.0876 0.2995 0.0951 0.0858 0.2365 0.9621 0.5009 0.1513 0.12417 

Wpbc 
Avg. 16.1183 16.2586 25.8377 16.1897 16.0900 15.4575 24.5074 28.0948 17.4671 16.6919 

Std. 0.2817 0.1794 0.4948 0.3669 0.2585 0.8460 1.6793 0.7070 0.3508 0.1872 

Zoo 
Avg. 15.6988 15.4832 25.0079 15.6782 15.6504 14.7128 24.2811 26.8038 16.3184 14. 8485 

Std. 0.0876 0.2439 0.3409 0.1128 0.1289 0.4988 0.7989 0.4909 0.1599 0.1270 

Avg. 
Avg. 17.6481 17.6156 27.8080 17.6242 17.9391 16.7249 27.1008 30.3629 18.5508 17.0101 

Std. 3.4820 3.4421 4.5528 3.5935 4.8102 3.8800 4.1576 4.2651 3.1769 2.8377 

 

Figure 7 brings all MH fitness values through the iterations in a run per dataset with the same 

starting point and random number generation (rng). As the result is from just one round, it is quite varied, 

but it shows that adopting the Fibonacci Sequence within LA always anticipates its convergence. Finally, 

the Wilcoxon rank sum test [87] was performed to assess whether the GLA is statistically and structurally 

different from the compared algorithms, considering the convergence curves in Figure 7. This 

nonparametric test considers that two samples are from the same population as a null hypothesis. 
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Rejection occurs if the p-value resulting from the test is less than 0.05. All p-values calculated between 

the GLA and each of the algorithms used for each dataset are in Table 9. In most cases, the BLA 

performed differently from all algorithms. Except for PSO, DE, MBO, WOA, HHO, and MRFO on the 

Tic-Tac-Toe dataset, that is the one with the smallest original number of features (and easier), making 

all algorithms converge early (See Figure 7 again). GLA also performs equally to WOA, HHO, and 

MRFO on SpectEW and Vote datasets, two other cases of early convergences.  

 

 

 
(a) 
 

 
(b) 

Figure 5 �± The best trade-off among all FS problems: minimize Error rate, features number, and 
computational cost 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 6 - Sensitivity of the applied Feature Selection Algorithms 
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Figure 7 �± Examples of convergence curves with the same start points per dataset 

Table 9 �± Comparison of GLA with all other algorithms using the Wilcoxon test 

Dataset PSO DE GA MBO SSA WOA HHO MRFO LA 

Breast Cancer 7.68E-21 5.08E-20 4.27E-21 4.27E-23 9.20E-21 7.64E-15 2.47E-23 5.94E-19 2.23E-01 

Breast EW 1.81E-20 5.72E-19 5.01E-21 4.67E-21 6.91E-18 1.71E-12 3.72E-21 3.29E-19 6.10E-19 

Exactly 9.90E-23 1.03E-22 4.17E-21 1.15E-19 8.01E-19 9.90E-23 3.89E-20 4.08E-22 7.84E-17 

Exactly 2 1.07E-19 1.19E-18 6.45E-16 8.35E-11 1.82E-16 2.01E-18 5.45E-14 1.07E-19 3.39E-08 

Heart 8.80E-22 8.44E-1 2.70E-22 4.49E-21 6.44E-20 4.10E-23 1.07E-19 1.74E-22 1.18E-16 

Heart EW 1.15E-22 2.17E-19 8.46E-22 1.10E-22 1.15E-22 4.95E-15 1.45E-15 4.93E-20 4.42E-05 

KrVaKpEW  3.20E-20 1.42E-17 2.47E-19 4.39E-20 5.61E-17 1.13E-17 2.06E-18 4.01E-20 1.72E-18 

M-of-n 1.50E-22 5.33E-21 1.50E-22 1.50E-22 6.50E-21 2.03E-22 1.23E-18 1.38E-17 9.90E-04 

Sonar 1.99E-17 1.15E-17 1.24E-17 2.31E-19 3.16E-18 1.69E-14 1.30E-19 6.22E-20 1.59E-12 

SpectEW 6.74E-18 6.52E-20 1.29E-13 6.40E-19 6.18E-23 2.50E-01 2.50E-01 5.00E-01 6.10E-05 

Tic-tac-toe 6.25E-02 1.00E-00 3.90E-03 2.50E-01 2.35E-09 5.00E-01 1.00E-00 1.00E-00 1.94E-07 

Vote 1.44E-22 6.47E-08 3.94E-23 2.96E-19 2.44E-19 5.00E-01 5.00E-01 5.00E-01 3.62E-02 

Wine  5.98E-20 4.33E-21 2.79E-17 2.29E-20 2.75E-13 2.47E-23 3.11E-19 1.95E-19 2.59E-11 

Wpbc 2.68E-15 9.51E-19 1.14E-15 1.49E-21 9.01E-20 1.50E-13 5.37E-19 2.19E-11 9.27E-22 

Zoo 1.62E-11 4.08E-10 1.47E-19 8.12E-19 1.42E-21 1.27E-21 6.55E-22 4.11E-03 1.22E-11 

 

6. CONCLUSION 

This study proposes a novel version of the Lichtenberg Algorithm employing the Fibonacci 

sequence to replace the random scale, named the Golden Lichtenberg Algorithm. These algorithms are 
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then applied to a binary combinatorial optimization problem, the main objective of which is to find a 

reduced subset of features within a dataset that leads to maximized accuracy when used by a machine 

learning technique. They were equipped with a v-shaped transfer function to become binaries and 

associated with the KNN classifier trained with cross-validation to perform Feature Selection.  

Both were tested on 15 well-known benchmark classification problems and compared to eight 

well-known or modern meta-heuristics: Particle Swarm Optimization, Differential Evolution, Genetic 

Algorithm, Monarch Butterfly Optimization, Salp Swarm Algorithm, Whale Optimization Algorithm, 

Harris Hawks Optimization, and Manta Ray Foreign Optimizer. In terms of accuracy, GLA achieves the 

highest values (85.70%) in the average of 15 datasets, followed by GA (84.13%) and DE (84.08%). Even 

though GLA did not have the best result in reducing the number of features, it had the best average fitness 

value among all algorithms and datasets (0.1143) due to its best accuracies found, followed by the GA, 

which had the smallest number of features across all datasets. The classic and powerful Darwinian 

algorithm defeated many new methods, but it had one of the worst optimization times. Regarding this, 

WOA had the shortest execution time on average (16.7249s), followed by GLA (17.0101s). In a radar 

plot analysis considering a trade-off of computational cost, error rate, and number of features, GLA had 

the smallest triangle area, which made it the best MH for FS among the compared algorithms. It was also 

shown that adopting the Fibonacci Sequence within LA always anticipates its convergence in the FS 

problem.  

GLA has proven to be able to find subsets with the highest accuracies, with outstanding results 

in optimizing the trade-off of accuracy maximization, dimensionality reduction needed in the feature 

selection problem, and computational cost for datasets with up to 60 features. Once published, the 

complete GLA code will be available to the scientific community. 
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