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ARTICLE INFO ABSTRACT
Keywords: Metaheuristic algorithms are commonly used optimization techniques for solving high-
Multi-island distributed migrating birds dimensional complex problems. To achieve more successful results, improvements are made on

optimization algorithm

HPC these metaheuristic algorithms. This study aims to enhance the performance of the Migrating

Migration parameters Birds Optifni.zation (MBO) Algo.rithm, a neighborhood-l?ased metaheu.ristic algot:ithm. To this
Regression analysis end, MBO is implemented on a high-performance computing (HPC) architecture using Open MPI,
ANN and the Multi-Island Distributed Migrating Birds Optimization (MIDMBO) Algorithm is devel-
oped. MIDMBO is a distributed metaheuristic optimization algorithm that utilizes multiple
islands, where successful solutions migrate between islands. The migration process between
islands, facilitated by MPI, enables MIDMBO to generate more successful outcomes. Therefore,
studies focused on the migration process are of great importance. In this study, the relationship
between algorithm performance and variations in fundamental migration parameters such as
migration rate, migration interval, and the number of islands is examined. Regression analyses
are performed on the results obtained from MIDMBO, and the model that best explains perfor-
mance variation is identified. Additionally, artificial neural network (ANN) models are con-
structed, and the degree to which changes in parameter values explain the results is evaluated.

1. Introduction

Metaheuristic algorithms are methods used for solving complex problems that involve a large number of variables. Gravitational
Search [1], Big Bang-Big Crunch [2], Differential Evolution [3], Particle Swarm Optimization [4,5], Whale Optimization [6,7], Grey
Wolf [8], Artificial Bee Colony [9,10], Charged System Search [11], Migrating Birds [12], and Genetic Algorithms [13] are among the
commonly used metaheuristic optimization algorithms. However, the problems being addressed are becoming more difficult, and the
problem sizes are increasing. Therefore, there is ongoing research on island-based distributed metaheuristic algorithms, which can
perform a more detailed search in the solution space to obtain better results. The island model is a method in which the selected
metaheuristic algorithm is applied concurrently on subpopulations that are created independently of each other [14]. In island-based
distributed metaheuristic algorithms, multiple subpopulations are used to simultaneously explore different regions of the solution
space. Good solutions are exchanged between subpopulations at certain intervals. This process reduces the risk of getting stuck in local
optima for solutions newly introduced to a subpopulation. Additionally, it facilitates better searching and leads to successful outcomes
by increasing diversity [15]. The process of exchanging good solutions between subpopulations is called migration. Migration is a
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process determined by migration rate (MR), migration interval (MI), number of islands (NIs), migration policy, communication model,
and topology [16].

The migration process and the correct selection of migration parameters are the key reasons for the success of island-based
distributed metaheuristic algorithms. Therefore, studies on the migration process are important. In one study [17], two different al-
gorithms were proposed in which migration parameters for Ant Colony Optimization are dynamically determined. In the first algo-
rithm, a fixed MI value and tolerance value were set. If the best solution is improved, the tolerance value is increased. The algorithm is
run with a reduced MI value when the condition (tolerance value > total iterations / MI value) is met. In the second algorithm, both MI
and MR are dynamically determined based on the quality of the migrating solutions. According to experimental studies, the MI values
of 25 and 50 with a decrease rate of 1 and 5 were used to solve the Traveling Salesman Problem with a system consisting of 4 sub-
populations. The results showed that better outcomes were obtained with MI 50 and a decrease rate of 5. For the second proposed
algorithm, results were obtained with MI values of 25 and 50, and MR values of 15, 30, and 50. When comparing the two algorithms, it
was observed that the model where both MI and MR values are determined produced slightly better results. In this study, the rela-
tionship between time and results for different numbers of ants was demonstrated. Additionally, speedup was examined according to
the number of nodes. The results obtained throughout the iterations for the proposed method and the serial model are provided.

In another study [18], an island-based Harmony Search algorithm was proposed. In this study, nine different scenarios were created
with island numbers of 2, 5, and 10, MI of 50, 100, and 500, and MR of 10, 20, and 30. The results obtained for these scenarios were
presented. A random ring topology was used in this study. The experiments were not conducted in a real distributed system. They were
modeled and carried out on a single computer. In [19], the MR value in island-based genetic algorithms is calculated using fuzzy logic.
The MR value was computed because of fuzzy rules formed using fitness values. Experiments were conducted for different subpop-
ulation sizes and numbers, and it was shown that the proposed method for determining the MR produced more successful results. In
another study, both the master-slave model and the island model were applied in parallel genetic algorithms. Synchronous and
asynchronous communication were used in the island model. The results obtained for different numbers of cores were presented. It was
shown that as the number of cores increased, the time spent decreased. The speedup results were analyzed based on the obtained times,
and in some cases, super linear speedup was achieved [20].

In a study where parallel genetic algorithms (GA) were applied [21], a dynamic topology was proposed for island-based genetic
algorithms, and the effects of different MR, MI, and subpopulation sizes on the search speed were demonstrated. In another study [22],
two different methods, namely the Hybrid Heuristic and Genetic-based Task Scheduling Algorithm for Heterogeneous Computing
(HHG) and the Hybrid Task Duplication and Genetic-based Task Scheduling Algorithm for Heterogeneous Computing (HTDG), were
developed. These new methods were compared with NGA, EGA-TS, HEFT, and PEFT. According to the experimental results, HTDG
produced 89 % better outcomes, while HHG achieved 56 % improvement. In the HHG and HTDG methods, most chromosomes in the
initial population were generated randomly. In addition, guided chromosomes were incorporated into the population to enhance the
algorithms. These guided chromosomes accelerated the convergence rate of the GA. In HHG and HTDG, the fitness value is computed
in different ways. In these methods, the best 20 % of solutions in the population are directly transferred to the new population, while
the remaining 80 % are generated through crossover and mutation. During the crossover phase, tournament selection was employed,
with a crossover probability of 0.6 and a mutation probability of 0.2. In the Node-Based Performance comparison, HTDG demonstrated
superior performance compared to other algorithms. HHG and NGA produced similar results, whereas EGA-TS performed less suc-
cessfully. In comparisons based on the Communication to Computation Ratio (CCR), HTDG again outperformed the other algorithms.
HHG was also more effective than NGA across all comparison types. In the Processors-Based Performance comparison, results were
reported for 4, 8, and 16 processors, showing that HTDG achieved better performance than the other algorithms. In the Running
Time-Based Performance Analysis, EGA-TS exhibited shorter execution time compared to the other algorithms. HHG’s runtime was
shorter than HTDG’s, while HTDG, thanks to elitism, consumed less execution time than NGA. The results of these comparisons
indicate that HTDG and HHG can be regarded as promising and effective approaches.

In another study [23], a parallel Artificial Bee Colony (ABC) algorithm with a dynamic migration strategy was proposed for solving
the workshop scheduling problem. According to this strategy, if no improvement is made within the colony for a given MI value, a
migration request is sent to neighboring colonies, and migration occurs. In a study using ABC algorithm, results for different island
numbers, population sizes, problem sizes, and MI were presented. The Wilcoxon test was applied to the results, showing that the
changes observed were statistically significant. Additionally, speedup values for different problem sizes were presented graphically
[24]. In a different study [25], the sensor deployment problem was solved using the serial ABC algorithm (sABC), the parallel ABC
algorithm with the conventional emigrant creation strategy (pABC), and the parallel ABC algorithm with the cooperative emigrant
creation strategy (coop-pABC). The neighborhood topology of the pABC and coop-pABC algorithms is structured as a ring. For each
sub-colony, only one emigrant was sent to a neighboring sub-colony and replaced with the worst solution in that colony. In the pABC
algorithm, the best food source is migrated. In the coop-pABC algorithm, however, the best food source is reinforced with the pa-
rameters of a randomly selected food source. If the i-th parameter of the randomly selected food source improves the fitness value of the
best food source, then the i-th parameter of the best food source is replaced with the corresponding parameter of the randomly selected
food source. The coop-pABC algorithm produced better results than the pABC algorithm in all three experimental cases. When
compared with the sABC algorithm, the coop-pABC algorithm achieved better performance in two out of three experimental cases. On
the other hand, it was shown that the pABC algorithm yielded higher speedup and efficiency values compared to the coop-pABC
algorithm. In a study using an island-based parallel memetic algorithm, a two-tier heterogeneous vehicle routing problem was
solved [26].

In the study conducted in [27], a multi-objective problem, the flight assignment problem, was solved using a parallel evolutionary
algorithm with the island model. In this study, the MI value was determined in three different ways, and the results were compared.
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The first method used to determine the MI value was called dynamic MI. According to this method, after each iteration, it was decided
whether migration would occur in the next step based on a specified difference value. In the second method, a fixed MI value of 5 was
used. In the third method, a randomly generated value in the range of 0-1 was used, and migration occurred if the value was greater
than 0.2; otherwise, migration did not occur. According to the results, it is stated that dynamically determining the MI produces better
convergence and diversity values.

In [28], the workflow scheduling problem in cloud environments was solved using a distributed Grey Wolf algorithm. In this study,
a random ring topology was used. In [29], four different migration topologies were proposed for the island-based Crow Search Al-
gorithm. The study was conducted using 16 islands, and the effect of the proposed topologies on the problems was demonstrated. In a
study using the island-based Differential Evolution (DE) algorithm, results from running the differential evolution algorithm with a
single subpopulation were compared with those from synchronous and asynchronous parallel DE algorithms [30]. In another study
[311, recent works on parallel GA were reviewed and presented. The journals, conferences, and countries where the most articles were
published, along with the number of authors per country, were provided. Additionally, the parallel island, cellular, and hybrid models
were described. The architecture and software used were outlined, and the studies conducted were indicated.

2. Multi-island distributed migrating birds optimization (MIDMBO)

Migrating Birds Optimization (MBO) algorithm is one of the metaheuristic algorithms that use a neighborhood search method. The
algorithm models the A-shaped flight formation used by migrating birds to gain energy, which allows them to fly long distances [12].
Each bird benefits from the air current created by the bird before it, reducing its energy consumption and enabling it to fly longer
distances. In a study conducted on a flock of 25 birds, it was observed that birds flying in a A-shape increased their range by up to 70 %
[32]. Using this information, a random initial solution is generated for each bird in the algorithm.

One of the birds in the flock is considered the leader bird. It is assumed that half of the other birds are on the right side, and the other
half are on the left side, forming a virtual A-shape. The leader bird generates a predetermined number of neighboring solutions. The
best solution between the initial solution and the newly generated solutions is kept by the leader bird. From the remaining solutions,
half of the best solutions (x solutions) are sent to the bird at the right rear, and the other half (x solutions) are sent to the bird at the left
rear. The bird receiving new solutions from the leader compares them with the neighborhood solutions it has generated and keeps the
best solution. The other x best solutions are then sent to the bird at the rear. This process continues along the right and left wings until
the last bird. These operations constitute an iteration step in the algorithm. After a predetermined number of iterations, it is assumed
that the leader bird is exhausted, and a leader bird change is performed. The leader bird is sent to the rightmost rear of the flock, which
is assumed to be positioned in a A-shape. The birds on the right wing move forward one by one, and a new leader bird is chosen. When
the next bird change interval arrives, the same process is performed on the left wing of the flock, which is assumed to be positioned in a
A-shape. These steps are repeated until a predefined stopping criterion is met [12,33,34].

The MBO algorithm is used by many researchers in various studies. In [35], it was shown that MBO produces successful results for
quadratic assignment problems but does not perform as well in the Traveling Salesman Problem (TSP). To obtain better results, seven
different neighborhood methods were applied to TSP, and it was demonstrated that the algorithm’s performance is affected by the
chosen neighborhood method. In another study [36], two different crossover methods were used in the MBO algorithm to generate
neighboring solutions. The results were analyzed using the Taguchi experimental design method, and an attempt was made to
determine the ideal parameters. In [37], the MBO algorithm was run with a special neighborhood generation method to solve a
multi-objective task assignment problem. According to the results, it was stated that the performance of the MBO algorithm improved.
The MBO, when run with the special neighborhood function, was compared with the GA, Honey Bee Mating Optimization, and the
known MBO algorithm, and it was shown that the developed method produced successful results. In [38], the MBO algorithm was
compared with ABC, PSO, DE, and GA using 10 different test functions and 5 different dimensions, and the results were analyzed. In the
study, the parameter values for five different systems were determined using the algorithms mentioned above, and the produced Mean
Squared Error (MSE) values were compared. Based on the analysis, it was shown that the MBO algorithm produced successful results.
In [39], the ABC algorithm was run together with the MBO algorithm. A new method was proposed by utilizing the success of the ABC
in the search phase and the success of the MBO algorithm in the improvement phase. According to the proposed method, the ABC is
first run to avoid local optima. Then, the MBO algorithm is executed to generate better solutions using the existing solutions.

There exist numerous studies in which the MBO algorithm has been utilized and further developed. However, the desire to achieve
better results has led to the idea of applying the MBO algorithm within distributed systems using multiple subpopulations (islands). In
this study, the Multi-Island Distributed Migrating Birds Optimization (MIDMBO) algorithm was implemented using a distributed island
model and a high performance computing (HPC) architecture. The MBO algorithm was executed within each subpopulation for a
predefined number of iterations (MI), after which selected solutions (in the amount of MR) were migrated from one subpopulation to
another based on a ring topology. This process was carried out using the Message Passing Interface (MPI), a widely adopted parallel
programming model for data communication in high performance computing systems [40-42]. MPI functions were employed to
enable the transfer of high-quality solutions to neighboring islands according to the predefined ring topology. After executing MI
iterations, each island identified its best solutions according to the MR and sent them to its neighboring island using the “MPI_Send”
function. The neighboring island received these solutions through the “MPI Recv” function and incorporated them into its own
population. During this incorporation phase, in order to keep the population size constant and eliminate the negative impact of poor
solutions on the search behavior, the incoming solutions replaced the least fit individuals in the population. Additionally, in each
iteration step, the “MPI_Reduce” function was used to determine the best global solution across all islands. This function gathered the
locally best solutions from each island to the master node, where the best among them was selected as the global best solution.
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Algorithm 1
MPI Code Segments.

int main(int argc, char *argv([])

{
/* Start up MPI */
MPI Init(&argc, &argv);
/* Find out number of processes */
MPI_Comm_size(MPI_COMM_WORLD, &pSize);
/* Find out processes rank */
MPI_Comm_rank(MPI_COMM_WORLD, &myRank);

/* During the optimization process, the best MR solutions are migrated to the neighboring island at predefined MI iteration intervals, following the ring topology
structure */
if (myRank == i)

{

dest = (myRank + 1) % pSize;

MPI_Send(&value[0], COL*MIG_RATE, MPI_ DOUBLE, dest, iter, MPI_ COMM_WORLD);
}
if (myRank == (i + 1) % pSize)
{

source = (myRank - 1) % pSize;

if (source<0) source = source + pSize;

MPI_Recv(&incoming[0], COL*MIG_RATE, MPI DOUBLE, source, iter, MPI_ COMM_WORLD, &status);

}

/* At each iteration, the most successful solution among those on all islands is selected and transferred to the master node */
MPI_Reduce(&MyMinFitness, &GlobalMinFitness, 1, MPI DOUBLE, MPI_MIN, 0, MPI. COMM_WORLD);

Algorithm 1 below presents example code [43] segments demonstrating the stages in which the MPI function is utilized in this study.

The ring topology used in this study is one of the most commonly adopted migration topologies in the literature. Its widespread use
can be attributed to several factors: ease of implementation through coding, suitability for cluster computing environments, low
communication overhead, and compatibility with various hardware architectures. In this topology, high-quality solutions within an
island population are migrated to neighboring subpopulations in accordance with the ring structure. This enables the effective sharing
of good solutions and contributes to an overall improvement in performance. Moreover, it helps reduce the risk of premature
convergence to local optima, which is one of the major challenges in metaheuristic algorithms [15].

In multi-island metaheuristic optimization algorithms, the structure of the migration process is determined according to the factors
provided below [16].

- Topology: Determines the subpopulation to which the solutions will migrate.
- MR: Determines the number of solutions to be migrated. It is expressed as a percentage based on the subpopulation size.
- ML The iteration step or the predefined criterion between two migration operations.
- Migration Policy:
o The selection method for the migrating solutions:
B Select from the best solutions.
M Select randomly.
o The method of replacement after migration:
H Replace with the worst solutions.
M Replace randomly.
- Communication Model: Synchronous / Asynchronous.

In this study:

- Topology: A ring topology is used.
- MR: Set as 2 %, 6 %, 10 %, 20 %, and 40 %.
- ML Set as 5, 10, 25, 50, and 100 iterations.
- Migration Policy:
o Selection method for the migrating solutions:
B Select from the best solutions.
o Replacement method after migration:
H Replace with the worst solutions.
- Communication Model: A synchronous model is used.
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Algorithm 2
MIDMBO Pseudocode.

Generate n random initial solutions (birds) and place the solutions in the virtual V formation.
Define the parameters:
M = leader bird change interval
K = maximum number of iterations
MI = migration interval
MR = migration rate
for (i=0; i <K; i++) do
for (s =0; s < MI; s++) do
for (j=0; j < M; j++) do
for each bird in the swarm do
if bird is leader then
Try to improve the solution by generating k neighboring solutions,
Send the best x solutions to the bird on the left back and right back.
Else
Use (k - x) generated neighboring solutions and x solutions come from front to improve
the bird's position, then send x best unused solutions to the back bird.
end if
end for
end for
Change the leader solution (bird).
end for
Perform migration for MR percentage of birds.
end for
Return the best solution.

The MIDMBO Algorithm Pseudocode is provided in Algorithm 2 below [34].

There are various studies in literature where the island-based MBO algorithm has been applied. In one study [44], a PSO-based
Improved Multi-Flocks Migrating Birds Optimization (IMFMBO) algorithm was developed, where multiple flocks were used instead
of a single flock. In this study, the interaction among flocks was facilitated through the leader bird in each flock. The interaction model
proposed in the method resembles the philosophy of the PSO algorithm. The new position of the leader bird in each flock is determined
based on the previous leader’s position and velocity, just like in PSO. Since all birds in a flock are potential leader candidates, their
velocity and position information are maintained. When determining the leader bird’s position, the best of the local bests among the
flocks is considered the global best. This ensures that all flocks are guided toward more promising regions of the search space through
inter-flock interaction. The interaction among flock leaders takes place during the leader change step. This way, the basic structure of
the MBO algorithm is preserved while allowing each flock to continue searching independently until its leader is changed. To
demonstrate the effectiveness of the proposed method, IMFMBO with 15 flocks and the standard MBO algorithm were applied to solve
Traveling Salesman Problems (TSPs), and the results were compared. According to the results, IMFMBO produced better results across
all problems. Furthermore, the IMFMBO results were compared with the results of various algorithms from different studies in
literature, and it was shown to produce favorable outcomes in many cases.

In another comparative study [45], Simulated Annealing (SA), GA, MBO, and Clonal Selection Algorithm (CSA) were used to solve
the Multidimensional Two-Way Number Partitioning Problem (MDTWNPP), and the results were presented comparatively. When
applying the MBO algorithm, multiple flocks were used, and this approach was termed Multiple Flock Migrating Birds Optimization
(MFMBO). This allowed a more effective exploration of the search space. In the MFMBO implementation, the number of flocks was set
to 500. When analyzing results across different dataset sizes, it was noted that GA and SA outperformed both MFMBO and CSA.
Comparing GA and SA revealed that they were consistently competing head-to-head across all datasets. Based on this, GA and SA were
identified as the most powerful and successful metaheuristic methods for solving MDTWNPP. MFMBO was ranked as the third most
successful method.

Many of the island-based MBO studies in the literature are implemented by creating multiple island structures on a single machine.
In contrast to these studies, this work employs a real HPC architecture to establish the islands, enabling the migration of successful
solutions between islands using MPI, and thus performs the development on a distributed system. Furthermore, the effects of migration
parameters on the performance of the MIDMBO algorithm are analyzed using quadratic regression models. It is demonstrated that
variations in the values of MR, MI and NIs have a high explanatory power on algorithm performance. Additionally, artificial neural
network (ANN) model was constructed to model the relationships, where MR, MI, and NIs values were used as inputs and the fitness
result as the output. The ANN results revealed a strong correlation between the output and the target values. The coefficients of
determination (R?) obtained from the ANN analysis were found to be higher than those obtained from the regression model, and this
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Table 1
Benchmark functions.
Name Equation Feature
d-1 i
Rosenbrock Frosenbrock (%) = ZLI [100 (%11 — xiz)z +(x-1)? Unimodal

Xx; € [— 2.048, 2.048]
Global minimum: x* = (1,1...,1), f(x*) =0
Rotated d i Unimodal
x) =) . . x?
Hyper-Ellipsoid Frotated ) Z"l Z”l J
x; € [~ 65.536, 65.536]
Global minimum: x* = (0,0...,0), f(x*) =0

Zakharov d d . \2 d .\ Unimodal
S zakharoyX) =D XF + (Zi—l 0'5'-"1') + (ZH 0-51xi)
xi€[-5, 10]
Global minimum: x* = (0,0...,0), f(x*) =0

Rastrigin SRastrigin(X) = 10d + Zil [x? — 10cos(2mx;)] Multimodal

X € [-5.12, 5.12]
Global minimum: x* = (0,0...,0), f(x*) =0
4 . .
Schwefel Fschwegar(%) = 418.9829d — Zi:l xism( \xil) Multimodal
x; € [— 500, 500]
Global minimum: x* = (420.9687,...,420.9687), f(x*) =0

Table 2
Optimization results for the Rosenbrock benchmark function.

Number of Island (NIs)
8 16 24 32

Rosenbrock

Migration Migration
Rate (MR) | Interval (MI) Average Best Worst | Average Best Worst | Average Best Worst | Average Best Worst

No Migration (MBO) 42.8003| 39.9944| 43.6839] 41.7795| 37.1348| 43.5224| 41.2192| 36.1843| 43.5378] 42.2141| 40.0936| 43.4766
5 42.2588| 39.5672| 94.6499| 39.6733| 38.7665| 40.2659| 39.3234| 36.3136| 40.0512] 39.0897| 36.7913| 40.0107
10 41.1747] 40.4636] 41.7137] 40.6881[ 37.2553] 41.453] 40.8655] 40.0973| 41.2797] 40.7338] 40.1424] 41.3918]
2 25 41.9561 41.3854] 42.4258] 41.8149] 39.8422] 42.3731 41.7857] 37.8961| 42.1396] 41.6045] 36.9264] 42.0827
50 42.4508| 41.9047| 42.7406| 42.2943| 40.3981| 42.6241| 42.101| 38.4793| 42.5271| 42.0254| 41.1277| 42.5006
100 42.3187| 34.9392|  42.97| 42.4133| 40.8004| 42.867| 42.0634| 39.1925| 42.7427| 41.8991 38.2051| 42.8111
5 39.6524| 32.484| 44.5874] 38.9701| 38.3971 38.4481| 34.8082| 39.3717 38.2041_E|
10 40.8588| 38.622| 41.4322] 40.4712| 39.8509] 40.929| 40.3118| 38.0623| 40.9157] 40.3477| 39.9989| 40.5997
6 25 41.7559| 40.9672| 42.2681| 41.6735| 41.2049| 42.0452] 41.601| 41.2939] 42.0461| 41.4932| 40.5403| 41.7935
50 42.2055| 41.8493| 42.7463| 42.0662| 40.8021| 42.4324| 41.7661| 37.8805| 42.3481| 42.0251| 41.4201| 42.231
100 42.5158| 42.0546| 42.8275| 42.1977| 40.7196| 42.6972| 41.8093| 39.7661| 42.6779| 42.1724| 40.8098| 42.508|
5 - 37.8695| 41.4098] 38.9564| 37.6967| 43.3842 38.4342- 39.4961- 35.3181| 39.0951
10 40.6535 39.5142‘ 40.3027| 39.3861 40.9126| 40.1821| 39.1598| 40.6441| 40.0364| 38.2201| 40.4822
10 25 41.791| 41.2859| 42.2856] 41.5546| 40.7439| 41.892] 41.4273| 40.9397| 41.7723| 41.4837| 41.1623| 41.8778]
50 42.1601| 41.755| 42.5234| 42.0475| 41.2442| 42.4513| 40.8995|  39.62| 42.4009] 41.6011| 38.6662| 42.2299
100 42.4176| 41.1767| 42.7913| 42.1719| 40.4356| 42.6852| 42.1031| 34.8877| 42.5702] 41.8039| 39.6212| 42.5255
5 40.032| 38.0905| 45.6403 36.0749 36.7329
10 40.9245| 38.9683| 45.1013| 40.2843| 39.0987| 40.9706| 40.1138| 38.8377| 40.6016] 39.899| 38.7701| 40.5663
20 25 41.7408| 41.2815| 42.1898] 41.4237] 40.7194] 41.9414] 41.3863] 40.751] 41.6927] 41.3686] 40.7957] 41.6842
50 42.1333| 41.5526| 42.5914| 41.9256| 39.6513| 42.4306| 41.9511| 41.5343| 42.2339] 41.8375| 40.2857| 42.2636
100 42.587| 42.2115| 43.1323] 42.4074| 41.1029| 42.9327] 42.2162| 39.2286| 42.6996] 42.1519| 39.4544| 42.6474
5 39.5278- 43.5778| 39.1595| 37.6661| 43.9231] 38.6324| 35.5834| 39.4096] 38.4346| 36.9022| 39.2844
10 40.8208| 40.0613| 42.9327] 40.217s|BOIO0RB| 40.7672] 40.2754 39.7024] 40.6555| 39.9858] 36.8547| 40.6033
40 25 41.8291| 41.6092| 42.2596| 41.4839| 40.1517| 42.0642| 41.5473| 41.1723| 41.3406] 41.4066| 40.6107| 41.8272
50 423579  42.061| 42.6125| 42.1552| 41.8694| 42.6154| 41.8912|  40.73| 42.4705] 41.9804 39.5831| 42.5461
100 42.7639| 42.2437| 43.1522| 42.4796| 41.0327| 43.0053| 42.5049| 41.4306| 42.8819] 42.2825| 40.7511| 42.7835
MIDMBO Success Rate (%) | 100 36 84 56 8 % a4 16 100 % 60 100
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Table 3
Optimization results for the Rotated Hyper-Ellipsoid benchmark function.
Rotated Hyper-Ellipsoid Number of Jsland (NIs)
8 16 24 32
Migration Migration
Rate (MR) | Interval (MI) Average Best Worst | Average Best Worst | Average Best Worst | Average Best Worst
No Migration (MBO) 1.61E-16| 3.16E-17| 5.42E-16] 1.01E-16| 2.05E-17| 2.51E-16] 9.53E-17| 3.71E-17| 2.4E-16] 7.30E-17| 2.09E-17| 1.37E-16|
S5 2.47€-22| 6.81E-23| 6.39E-22] 1.61E-22| 5.31E-23| 3.55E-22] 1.57E-22| 5.03E-23| 4.05E-22] 1.55E-22| 6.25E-23| 2.81E-22
10 2.31E-19| 7.28E-20| 5.02E-19] 2.14E-19| 1.04E-19| 4.99E-19] 1.78E-19| 6.04E-20| 3.79E-19] 1.62E-19| 9.34E-20( 2.46E-19
2 25 1.31E-17| 4.91E-18| 2.42E-17| 1.03E-17| 3.82E-18| 2.16E-17| 8.20E-18| 3.63E-18| 1.28E-17| 9.13E-18| 5.25E-18| 1.79E-17
50 4.75E-17| 1.50E-17| 8.78E-17] 3.50E-17| 1.28E-17| 5.35E-17] 2.83E-17| 9.88E-18| 5.26E-17| 2.48E-17| 9.53E-18| 4.76E-17|
100 8.66E-17| 1.41E-17| 1.72E-16] 7.08E-17| 2.17E-17| 1.39E-16] 4.84E-17| 1.24E-17| 9.43E-17] 5.04E-17| 2.81E-17| 7.94E-17
S5 2.33E-26| 3.77E-27| S5.66E-26] 1.55E-26| 2.93E-27| 3.48E-26] 1.25E-26| 4.76E-27| 3.36E-26] 9.43E-27| 2.80E-27| 1.67E-26
10 2.33E-21| 8.55E-22| S5.15E-21) 1.84E-21| 9.48E-22| 3.79E-21] 1.72E-21| 5.76E-22| 4.53E-21] 1.41E-21| 6.64E-22| 2.98E-21
6 25 2.44E-18| 7.78E-19| 4.71E-18] 1.66E-18| S5.77E-19| 3.35E-18] 1.50E-18| 8.23E-19| 2.60E-18] 1.37E-18| 5.26E-19| 2.27E-18]
50 2.24E-17| 9.03E-18| 3.95E-17) 1.49E-17| 6.81E-18| 2.66E-17] 1.55E-17| 7.15E-18| 3.20E-17] 1.22E-17| 4.86E-18| 2.26E-17|
100 5.96E-17| 1.47E-17| 1.54E-16] 4.53E-17| 1.64E-17| 9.45E-17| 3.75E-17| 1.50E-17| 6.57€-17| 3.38E-17| 1.05E-17| 5.07E-17|
5 1.67E-28| 3.13E-29| 4.20E-28] 8.38E-29| 2.20E-29| 2.64E-28) 6.72E-29| 2.03E-29| 1.66E-28| 6.08E-29| 1.81E-29| 1.70E-28)
10 1.78E-22| 5.71E-23 3.65E-22| 1.09E-22| 4.74E-23 1.88E-22] 1.00E-22| 4.52E-23 2.29E-22] 9.44E-23| 4.89E-23| 1.56E-22
10 25 8.67E-19| 3.45E-19 2.52E-18I 8.11E-19| 2.45E-19 1.90E-18I 6.12E-19| 2.82E-19 1.10E-18I 5.50E-19| 1.95E-19| 8.13E-19|
50 1.25E-17| 4.57E-18| 2.32E-17| 1.03E-17| 2.79E-18| 1.85E-17| 9.61E-18| 3.83E-18| 1.70E-17| 8.98E-18| 3.55E-18| 1.74E-17
100 4.98E-17| 1.26E-17| 1.04E-16] 3.76E-17| 1.45E-17| 7.89E-17| 2.39E-17| 1.18E-17| 4.57E-17| 2.66E-17| 1.11E-17| 5.07E-17
S5 2.30E-31| 4.37E-32| 6.97E-31] 8.96E-32| 3.50E-32| 2.00E-31] 7.46E-32| 2.14E-32| 1.50E-31] 6.74E-32| 2.33E-32| 1.56E-31
10 4.62E-24| 1.52E-24| 1.08E-23] 2.95E-24| 6.22E-25| 5.44E-24| 2.62E-24| 5.33E-25| 5.44E-24] 2.34E-24| 1.14E-24| 4.41E-24
20 25 2.01E-19| 7.32E-20| 4.23E-19] 1.35E-19| 5.01E-20| 2.78E-19] 1.48E-19| 1.04E-19| 2.16E-19| 1.16E-19| 6.07E-20| 2.14E-19|
50 6.29E-18| 2.49E-18| 1.37E-17| 5.19E-18| 2.26E-18| 1.15E-17| 4.63E-18| 2.22E-18| 1.04E-17| 4.10E-18| 2.48E-18| 7.88E-18|
100 3.20E-17| 6.88E-18| 6.82E-17| 2.48E-17| 1.29E-17| 4.75E-17] 1.85E-17| 5.24E-18| 3.41E-17| 1.89E-17| 4.94E-18| 3.68E-17|
5
10 4.27€-25| 7.26E-26| 1.57E-24] 2.47E-25| 1.24E-25| 4.98E-25| 1.66E-25| 8.77E-26| 3.38E-25] 1.65E-25| 6.83E-26| 2.98E-25
40 25 5.49E-20| 1.78E-20| 1.04E-19] 3.71E-20| 1.59€E-20| 6.48E-20| 3.33E-20| 1.36E-20| 6.38E-20] 3.32E-20| 1.36E-20| 6.23E-20
50 3.11E-18| 1.12E-18| 6.34E-18] 2.34E-18| 6.32E-19| 4.95E-18] 2.16E-18| 9.16E-19| 3.56E-18| 2.06E-18| 1.16E-18| 3.34E-18|
100 2.10E-17| 5.90E-18| 4.90E-17| 1.75E-17| 8.80E-18| 3.35E-17| 1.55E-17| 6.59E-18| 2.93E-17| 1.22E-17| 4.25E-18| 2.37E-17|
MIDMBO Success Rate (%) 100 100 100 100 96 100 100 100 100 100 96 100

difference was shown to be statistically significant.
3. Experimental studies

In this section, the MBO and MIDMBO algorithms were implemented using four different values of NIs (8, 16, 24, 32), five different
MR values in percentages (2, 6, 10, 20, 40), and five different MI values (5, 10, 25, 50, 100). The average, best, and worst results
obtained from 30 independent runs are presented in tables and figures. Additionally, to examine the behavior of migration parameters
that produced the best and worst average results for each test function when MIDMBO was applied with 32 subpopulations, the mean
result at each iteration step over 30 independent runs was plotted. The same results were also plotted for MBO on the same graph to
allow a comparative analysis. Moreover, using the average results obtained for all migration parameters with 32 islands, the per-
formance of the algorithm across different migration parameters was visualized graphically and analyzed. The benchmark functions
[34] used to analyze the MIDMBO algorithm are provided in Table 1. For both algorithms, the parameter values suggested in [12] were
used. The algorithm parameters used are as follows:

Number of individuals (birds) in the population (n): 51

Number of neighbor solutions to be generated for each individual (k): 3
Number of solutions to be shared with the next individual (x): 1

Leader bird change interval (m): 10

Maximum number of iterations (K): 2500

3.1. Algorithm performance

The results obtained from the Rosenbrock function are presented in Table 2 below. The outcomes after 2500 iterations were
analyzed for different numbers of sub-populations. While keeping the number of NIs constant, the average, best, and worst values
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Table 4
Optimization results for the Zakharov benchmark function.

Number of Island (NIs)

Zakharov
8 16 24 32
Migration Migration
Rate (MR) | Interval (M) | Average Best Worst | Average Best Worst | Average Best Worst | Average Best Worst
No Migration (MBO) 93.8771| 70.0435| 118.251) 81.7517| 67.2699| 106.729] 84.8536| 72.2978| 104.519] 82.2964| 65.7492| 99.988|
5 0.010191] 0.001366| 0.036012] 0.006391| 0.002582| 0.017352] 0.004888| 0.002035| 0.01033] 0.005012| 0.001421| 0.01032]
10 0.450773| 0.200806| 1.02817] 0.548355| 0.226736| 1.16203| 0.363198| 0.180111| 0.798371] 0.310389| 0.138084| 0.476949
2 25 10.886| 4.05724| 20.476] 8.25528| 3.30277| 18.8105] 6.80191| 3.16566| 10.2186] 7.03163| 3.00492| 11.8111]
50 35.2726| 23.3807| 49.5387| 32.2779| 18.4934| 49.5676] 31.5737| 16.3226| 44.4873| 26.3844| 16.7091| 35.5674
100 72.5908| 42.4558| 100.798] 62.4603| 47.0551| 80.0816] 60.7321| 47.0531| 74.564] 58.0707| 43.9338| 68.447|
5 2.03503| 3.06E-05| 2.62E+01| 3.56E-05| 1.35E-05| 1.20E-04] 2.55E-05| 8.66E-06| 5.20E-05| 2.10E-05| 9.68E-06| 4.02E-05
10 0.109779| 0.005154| 2.72366] 0.013554| 0.005918| 0.021723| 0.010391| 0.004482| 0.02152] 0.010445| 0.004868| 0.017812
6 25 2.24844| 1.11446| 3.56327] 1.81175| 0.636774| 4.28654] 1.67647| 0.60925| 3.32408| 1.62604| 0.951742| 2.79852
50 15.3115| 5.83687] 24.0823] 12.9457] 8.11872[ 22.0009] 12.5136| 7.01437] 18.9888] 11.298 6.686| 14.7565
100 48.5627| 25.9552| 63.0658] 41.8873| 29.6555| 54.5256] 37.5366| 27.1351) 49.7059] 34.1294| 24.412| 43.4492
5 6.81495| 3.61E-06| 5.14E+01| 3.51E-06| 8.62E-07| 6.12E-06] 3.16E-06| 1.24E-06| 6.66E-06] 2.35E-06| 1.08E-06| 4.00E-06
10 0.001186 0.003338| 0.000948| 0.009402] 0.002316| 0.000685| 0.004327| 0.002488| 0.001314| 0.006534|
10 25 1.21488| 0.470678| 1.98985] 0.778279| 0.402676| 1.90388| 0.865573| 0.465125|  1.6013| 0.691632| 0.404817| 1.30459
50 12.2899| 5.98938| 20.2851] 9.14843| 4.07839| 14.5341] 9.7071| 6.48204 15.8171| 8.19076| 5.67124| 11.6591
100 38.1434| 23.2486] 60.2824] 33.7014] 20.0848] 42.9621] 30.9719| 18.7766| 43.0648| 27.8168] 17.7004| 38.6728]
5 4.55203| 4.65E-07| 2.60E+01] 5.13E-07| 2.03E-07| 1.16E-06| 2.85E-07| 1.19E-07| 4.70E-07] 2.66E-07| 1.05E-07| 5.65E-07
10 0.874037| 0.000554| 26.1816] 0.000744| 0.000294| 0.00131} 0.000561| 0.000172| 0.001105] 0.000457| 0.000164| 0.001474
20 25 0.532848| 0.194659| 1.12118) 0.385998| 0.187969| 0.670941] 0.360321| 0.171376| 0.547603] 0.272285| 0.119121| 0.446326|
50 7.84123| 4.25199| 13.2085] 6.1407| 3.22415| 10.3858] 5.21741|  3.0881 8.77367[ 4.83538| 2.81888| 8.03985
100 31.5177 23.1587| 42.7883] 25.5149| 13.7807| 35.8071] 24.1574| 16.0185| 30.4268] 22.1686| 16.3611| 28.7465
5 4.33176
10 0.869815| 0.000238 0.000347| 0.000151| 0.000678| 0.000276| 7.38E-05| 5.27E-04] 0.000262| 0.00014| 0.000451]
40 25 0.355839| 0.156072 0.850028' 0.241879| 0.133309| 0.497343] 0.213502| 0.091745| 0.338282] 0.194893| 0.075605| 0.389359
50 5.19498| 3.04103( 8.98752] 4.52212( 2.20824| 7.66356] 4.00865| 2.14857| 6.89501] 3.70168| 1.38457| 5.49313
100 25.355| 12.3991| 35.3752 23.121 13.543| 34.8333] 20.8633| 14.1536( 28.3777| 19.7934 10.9749| 29.0433
MIDMBO Success Rate (%) 100 100 100 100 100 100 100 100 100 100 100 100

obtained for different MR and MI values are provided. Among these values, the best results are highlighted in blue, and the worst
results are highlighted in yellow. In addition, the results generated with different MR and MI values were compared with the MBO
results, and the cases in which MIDMBO performed better were presented using the success rate. According to the average results,
MIDMBO produced the most successful results for NIs values of 8 and 32 at the 10-5 level, and for 16 and 24 at the 20-5 level. When
considering the best results, the most successful outcomes were obtained for NIs of 8 at 40-5, 16 at 40-10, 24 at 10-5, and 32 at 6-5.
Upon examining the data in the table, it can be observed that for all NIs, the most successful results were achieved when the MI was
low. As the MI increases, the success of the results produced by the algorithm decreases [34].

Table 3 below displays the results obtained from the Rotated Hyper-Ellipsoid function. The results were analyzed for different NIs.
MIDMBO achieved the most successful average, best, and worst results across all sub-populations when the MR was 40 % and the MI
was 5. An examination of the data in the table reveals that, for all NIs, the most successful results were obtained when migration was
frequent, and the number of migrating individuals was high. As MI increases, the performance of the algorithm tends to decrease.
When analyzing all average results of MIDMBO, it is observed that it consistently outperforms MBO. Looking at the best results, MBO
was more successful in only 2 cases, while MIDMBO outperformed it in the remaining 98 cases. Similarly, when examining the worst
results, MIDMBO produced better outcomes than MBO in all cases.

The outcomes from the Zakharov function are shown in Table 4. MIDMBO produced the best average result for NIs = 8 at 10 %-10,
and for other NIs values, at 40 %-5. For NIs = 16, 24, and 32, the most successful results were achieved when migration was frequent,
and the number of migrating individuals was high. As MI increases, similar to the Rosenbrock and Rotated Hyper-Ellipsoid functions,
the performance of the algorithm decreases. When considering the best results, the most successful outcomes for all NIs were achieved
when MR was 40 % and MI was 5. Examining the average, best, and worst results of MIDMBO, it is clear that it consistently out-
performed MBO in all cases. This outcome clearly demonstrates the contribution of the migration process to the MIDMBO algorithm.

The results derived from the Rastrigin function are detailed in Table 5 below. MIDMBO produced the best average result for NIs = 8
at 40 %-100, for NIs = 16 and 24 at 10 %-50, and for NIs = 32 at 10 %-25. When NIs = 8, poor results were observed for low MI values.
Looking at the best results, the most successful outcomes were obtained for NIs = 8 at 40 %-50, for NIs = 16 and 24 at 10 %-25, and for
NIs = 32 at 20 %-5. Examining all the average results of MIDMBO, it is evident that it outperformed MBO in 99 out of 100 cases. For the
best results, MIDMBO was more successful than MBO by 56 %, 84 %, 100 %, and 96 % for each respective sub-population. The results
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Table 5
Optimization results for the Rastrigin benchmark function.
Rastrigin Number of Island (NIs)
8 16 24 32
Migration Migration
Rate (MR) | Interval (MI) | Average Best Worst | Average Best Worst | Average Best Worst | Average Best Worst

No Migration (MBO) 80.8992 23.051| 189.203| 56.907| 22.0072| 190.465] 46.2378| 18.5705| 122.959] 39.7725 15.9728 127.09|
5 59.001| 41.7883| 82.5815] 54.3247| 35.8185| 91.5361] 43.5128| 17.9093| 76.6117] 32.5683| 16.9143| 61.6874
10 50.5107| 33.8286| 88.5512] 42.5511| 26.8639| 67.6571] 26.5322| 2.98488 46.763] 14.5596| 0.995088| 45.7681
2 25 34.6577| 20.8941| 55.7177 21.6238| 3.98038| 44.7731] 7.99271| 3.01948| 30.8437| 6.38475| 1.00783| 14.9259|
50 27.5603 14.926| 41.7883| 19.5828| 7.00287| 32.8336] 15.8809| 8.15446| 23.9013] 13.2975| 8.77152( 18.9287
100 71.2448| 21.1077| 250.478] 28.5329| 16.3077 55.219] 25.3193| 13.0168| 44.7353] 25.5664| 14.9451 68.447|
5 64.4401| 42.7832| 97.5058] 55.3197| 19.8992| 86.5613| 35.7522| 2.98488| 67.6571] 22.6187 4.9748| 43.7782
10 53.3629| 34.8236| 80.5916] 43.8445| 18.9042| 77.6067| 22.0218| 6.96471| 37.8084] 10.3807| 0.994959| 36.8135

6 25 42.8164| 19.8992 69.647| 22.3086| 4.00197| 38.8034] 7.80231| 0.996986| 28.8538| 2.94864| 0.003928
50 29.8488| 16.9143| 43.7782] 13.4374| 6.96583| 26.8639] 7.24093| 2.31418| 12.9445| 8.40255| 4.00381| 15.7013|
100 29.9385| 13.9379 66.877 21.1806( 15.9291| 31.2627] 18.4131| 9.94979| 27.8643| 18.7882 13.149| 27.9006
5 66.2311| 50.7429 108.45] 56.9116| 25.8689| 87.5563] 40.8596| 5.96975| 65.6672] 26.9302| 2.98488| 44.7731
10 57.8071| 35.8185| 81.5865] 39.0355| 7.95967 69.647] 22.4861| 2.98488| 41.7883] 14.6922| 7.8E-09| 37.8084
10 25 42.1199 24.874| 52.7328] 19.5679 54.7227] 6.67282 21.8891 0.000441| 9.94959|
50 32.704 7.042| 51.7378| 4.09152| 25.8689 2.09469 6.16692| 3.10815| 11.5746
100 27.146 13.934 101.42| 19.1923 12.524| 27.0215] 16.9496| 10.9451| 23.0326] 15.7165| 10.3689| 22.1609
5 67.8893| 45.7681 97.5058' 55.0544| 20.8941| 92.5311] 42.3521| 14.9244| 78.6016 25.4709_@
10 57.0443| 33.8286| 96.5109] 40.2958| 13.9294| 65.6672] 23.9785| 6.96471| 50.7429] 13.2661| 1.65E-11| 32.8336
20 25 47.4263| 21.8891| 78.6016] 25.6699 4.9748 47.758] 9.64867| 0.995332 24.874] 3.52663| 0.001627| 19.8992]
50 34.0608| 9.95223| 55.7177] 12.7026| 3.62376| 25.8689| 7.89783| 2.31294| 13.9319] 7.46382| 1.01466| 13.3077
100 23.5982| 12.9345| 49.2153] 15.351] 7.08351 16.8059| 8.04243| 23.2785] 14.9346| 6.20837| 21.3037
5 73.3117| 38.8034| 95.5159] 56.0825| 32.8336| 77.6066] 41.7551| 11.9395| 79.5966] 23.1494| 3.97984| 40.7933|
10 56.7548| 34.8235| 78.6017] 37.9742| 10.9445| 65.6672] 27.1624| 2.98488 46.763] 14.0621| 3.18E-13| 33.8286
40 25 42.6174| 20.8941| 66.6622 24.874| 4.97685| 50.7429] 14.5931| 2.98494| 32.8336] 8.36664| 0.000109 24.874
50 29.9999 44.7731] 16.9628| 6.85684| 43.7782] 11.2774| 5.09783| 20.9167] 9.03287| 3.06012| 17.9111
100 13.9773 18.8111| 9.06622| 27.2796] 16.5466| 9.94965| 24.9143] 16.0269| 9.01948| 20.9458]

MIDMBO Success Rate (%) 100 56 96 96 84 100 100 100 100 100 96 100

where MBO outperformed MIDMBO were mostly observed for NIs = 8. As for the worst results, MIDMBO was only less successful than
MBO for one case.

Table 6 below presents the results obtained from solving the Schwefel function using the MBO and MIDMBO algorithms for various
NIs, MR, and MI. MIDMBO produced the best average results for NIs = 8 at 10 %-100, for NIs = 16 at 10 %-50, for NIs = 24 at 20 %-50,
and for NIs = 32 at 10 %-25. When NIs = 8 and MI was low, poor results were observed. This is due to frequent migration and the small
NIs, causing the individuals within islands to quickly become like one another. As the individuals within an island become similar,
different regions of the search space cannot be represented, and a high-quality search is not possible. Looking at the best results, the
most successful outcomes were obtained for NIs = 8 at 6 %-50, for NIs = 16 and 32 at 20 %-25, and for NIs = 24 at 6 %-25. When
considering all the average results, MIDMBO outperformed MBO in 89 out of 100 cases. Of these, 10 cases were for NIs = 8, and 1 case
was for NIs = 16. Regarding the best results, MBO was more successful in 4 cases for NIs = 8, while MIDMBO was superior in all other
cases. For the worst results, MIDMBO outperformed MBO for NIs = 16, 24, and 32 in a proportional manner. Based on all results from
the Schwefel function, as NIs increases, the performance of MIDMBO improves [34].

According to the results for the Rosenbrock function presented in Table 2, the successful outcomes marked in blue are generally
concentrated around the middle sections of the table. Conversely, the unsuccessful results, indicated in yellow, tend to shift toward the
boundary values. Based on these data, it can be concluded that the effects of the MR and MI parameters and their interactions on
performance have been successfully investigated through the conducted experiments. The results for the Rotated Hyper-Ellipsoid
function shown in Table 3 demonstrate that a stable search structure was established using MIDMBO. All of the most successful re-
sults were obtained with the same migration parameter values. Similarly, nearly all of the least successful results correspond to the
same parameter values. According to the results obtained from the Zakharov benchmark function in Table 4, a stable search pattern is
also observed. While most of the best results were achieved with the same migration parameters, all of the unsuccessful results were
generated using these parameters. Particularly, the results in Tables 3 and 4 clearly illustrate the significant impact of migration
parameter selection on algorithm performance. For the Rastrigin benchmark function presented in Table 5, the most successful results
are generally clustered in the central part of the table, whereas the unsuccessful results are more scattered. The scattered distribution of
results, compared to other functions, is attributed to the multimodal nature of the Rastrigin function. Similarly, according to Table 6,
which presents results for the Schwefel function, another multimodal function, the best results are found in the middle region of the
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Table 6
Optimization results for the Schwefel benchmark function.
Schwefel Number of Island (NIs)
8 16 24 32
Migration Migration
Rate (MR) | Interval (MI) Average Best Worst | Average Best Worst | Average Best Worst | Average Best Worst

No Migration (MBO) 4544.07| 3565.29 5354) 4217.86| 3565.29( 4761.81) 4032.07| 3329.93| 4757.26] 4021.45 3326.89 4521.9|
S5 4911.48| 3923.64| 5788.28] 4787.52| 3208.46| 5935.56] 3609.12| 2494.79| 5592.39] 2824.34| 830.586| 4163.55|
10 4573.93| 3448.37| 5472.44] 3916.65| 1188.94| 5232.53] 2756.77| 830.586| 4640.33] 1895.16| 592.192| 3917.57
2 25 4338.73| 2851.62| 6061.59] 2601.59| 1304.34| 4165.06] 1740.98| 834.623| 4280.47] 1120.29| 481.136| 1779.61]
50 4242.83| 2853.15| 5829.27| 2597.95| 1544.28| 3802.16] 2122.45 1575.5 3088.5] 2085.17| 1541.85| 2848.59|
100 3435.27| 2255.18| 5190.03] 3224.61| 2613.64| 4512.79] 2939.22| 2018.01| 3445.33] 2895.03| 2134.93| 3679.55
S5 4814.91| 1996.75| 6072.21] 4114.05| 1898.05| 5475.47| 2815.13 1185.9| 5306.94] 2247.59| 592.192| 3445.33|
10 4532.98 2734.7| 5686.54] 3790.83| 2254.88| 5829.27) 1986.37| 1068.98 3679.17] 1803.85[ 593.709 3088.5,
6 25 4477.81| 2139.48| 6426.01] 2533.56 1185.9 4752.7| 1221.41- 2021.04] 826.529| 236.913| 1661.17|
50 3827.47- 5707.8] 1815.06| 1184.49| 2848.59] 1185.84| 596.781| 1667.22] 1318.22| 592.735| 2134.98|
100 3550.61| 2268.84 4989.58' 2524.61| 1779.48| 3370.48] 2459.69| 1542.74 3332.49] 2306.75 1422.2| 2966.17
5 4690.55| 3569.84 6257.5] 3929.66 2371.8| 5429.93] 2942.58| 1187.42| 4997.17) 2017.75| 710.631 3805.2,
10 4798.86| 3683.73| 6172.43] 3642.98 2018| 5329.71) 2195.61| 593.709| 3568.32) 1586.21| 592.192| 2608.68

10 25 4490.42| 2968.54| 5473.95] 2319.31 1185.9| 3922.12] 1359.87| 593.845 2371.8 355.316

S50 3768.6| 2021.04 5354 1081.47) 473.776| 1659.83] 849.619 241.91

100 |NEI0REA] 159574 2332.58 3198.58] 2148.44] 1424.41| 2724.32] 2083.94] 1421.29] 2729.03
5 4869.98| 3644.25| 5943.18| 3958.77] 2368.77] 5473.95| 3432.53 2014.97| 4s500.64| 2312.73] 710.631] 4040.56
10 4676.58] 3408.89] 67874 3449.84] 1662.69] 5476.99| 2227.14] 829.069] 38052 1743.72] 947.507] 3088.5
20 25 4448.26| 3544.03| 5592.39| 2560.85|JMGNIGA| 4515.83| 1419.52] 475.277] 3682.21] 916437 2014.97,
50 3934.32] 1784.16] 4872.66] 1799.43] 599.548| 3326.89 891.839] 475.439] 1787.09
100 3477.22| 1783.77] s5114.09] 2044.38] 142131 2846.01] 1941.82[ 1304.69] 2610.24] 1814.07] 1066.19] 2260.44
5 4986.55| 3220.63| 6380.47| 3592.77] 2353.58] 5709.31| 2861.7] 1304.34| 4620.6] 2449.95| 592.192] 3662.47]
10 4559.95| 2971.58| 6189.14| 3578.14] 2136.44| s5232.53| 2737.39 1188.94]  4159| 1735.73] 592.192] 3308.67]
40 25 4802.05| 3328.41| 6307.57] 2920.97] 1302.82] 4632.75| 1905.94] 830.586] 2851.62] 1070.61] 236.884] 2371.3]
50 444815 2971.58| 6545.97| 2278.58] 1189.52| 3442.3| 1692.78| 948.453| 2727.12| 1430.57] 711.887] 1909.86
100 3519.45] 2251.87] 4994.13] 2274.72| 1185.97] 3085.59] 2336.1[ 1778.16] 2965.92] 2173.94] 1304.4] 2725.79
MIDMBO Success Rate (%) | 60 84 28 9% 100 60 100 100 88 100 100 100

table. Examination of the unsuccessful results reveals that they generally occur in the same region. Experiments conducted on
benchmark functions with diverse characteristics demonstrate that migration parameters have a direct effect on algorithm perfor-
mance. It is evident that the selected migration parameter values were appropriate, resulting in a consistent search behavior.

The success rate is a proportional measure used to compare the results of the MBO algorithm and the MIDMBO algorithm on an
equal number of islands, in scenarios where no migration occurs. For each island count, twenty-five different MIDMBO results
generated with varying migration parameters were compared to the MBO results, and the percentage of cases in which MIDMBO
outperformed MBO was reported as the success rate. This comparison was presented separately for average, best, and worst results.
The purpose of this analysis is to demonstrate the contribution of the migration process to the MBO algorithm. When benchmark
functions are examined individually, MIDMBO outperforms MBO across all results for the Rotated Hyper-Ellipsoid and Zakharov
functions, with a success rate of 100 %. For the Rastrigin and Schwefel functions, MIDMBO shows superior performance for nearly all
migration parameter settings. According to the Rosenbrock function results, in twelve comparison points, eight exhibit a success rate
above 50 %, indicating that MIDMBO achieved a more effective search. Among these, three success rate values reach 100 %. Overall,
when considering success rate values collectively, it is evident that the migration process significantly contributes to the performance
of the MIDMBO algorithm, enabling it to achieve better results than MBO in many cases.

3.2. Exploration and exploitation phases

In population-based metaheuristic algorithms, optimization occurs in two phases: exploration and exploitation [46]. During the
exploration phase, solutions explore the entire search space, reducing the risk of getting stuck in local optima. This helps to identify
regions where good solutions are likely to be found. In the exploitation phase, a more detailed search is performed among the good
solutions to discover even better results. Since migration parameters directly affect search behavior, their impact on both the
exploration and exploitation phases should be examined. In this phase of the study, the most successful (MIDMBO-1) and least suc-
cessful (MIDMBO-2) results of MIDMBO were compared with the MBO results throughout the iterations.

The convergence graphs showing the most successful and least successful MIDMBO results for each function are presented in Fig. 1.
All results are presented for 32 islands. In Fig. 1 (a), the results obtained for the Rosenbrock function are shown graphically. Upon
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Fig. 1. Convergence graphs for the benchmark functions.

examining the behavior of MIDMBO-1 (10 %-5), it is observed that the algorithm performs a faster search than MBO during the
exploration phase and continues to produce good results by performing a detailed search during the exploitation phase. On the other
hand, MIDMBO-2 (40 %-100) shows behavior like MBO but continues to search during the exploitation phase, producing better results
towards the end. Fig. 1 (b) presents the results obtained for the Rotated Hyper-Ellipsoid function. The convergence graphs for
MIDMBO-1 (40 %-5) and MIDMBO-2 (2 %-100) are shown alongside MBO. In the MIDMBO-1 graph, it is evident that the algorithm
conducts a faster search during the exploration phase, reaching good results in early steps. During the exploitation phase, although the
results do not appear to be excellent due to reaching very small values, a detailed search continues to yield good results, as seen in the
results in the tables. In the MIDMBO-2 graph, it shows behavior similar to MBO, but the final result produced is more successful.
Fig. 1 (c) displays the results obtained for the Zakharov function. According to the results for MBO, MIDMBO-1 (40 %-5), and
MIDMBO-2 (2 %-100), it is observed that MBO performs a very slow search and, despite continuing to search in the later iterations,
fails to produce sufficiently good results. In the MIDMBO-1 graph, the algorithm performs a very fast search during the exploration
phase and continues to produce good results by conducting a detailed search during the exploitation phase. MIDMBO-2 shows similar
behavior to MBO but produces better results in the exploitation phase. The results for the Rastrigin function are shown in Fig. 1 (d). In
this case, MBO performs a very slow search, producing better results in the latter part of the iterations. In the MIDMBO-1 (10 %-25)
graph, the algorithm performs a slower search during the exploration phase but continues to produce good results by conducting a
detailed search during the exploitation phase. In the MIDMBO-2 (2 %-5) graph, it is observed that the algorithm performs a faster
search due to frequent migration, but fails to improve its results during the exploitation phase. Fig. 1 (e) presents the results for the

11



A. Tiilek and G. Kuvat Journal of Computational and Applied Mathematics 477 (2026) 117145

Table 7
T-test results.
T-Test NIs
8 16 24 32
Average Best Average Best Average Best Average Best
Rosenbrock MR-MI 10-5 40-5 20-5 40-10 20-5 10-5 10-5 6-5
P 3.005E-22 2.122E-12 4.808E-10 8.663E-05 3.877E-07 5.519E-07 6.916E-07 2.762E-25
Rotated Hyper-Ellipsoid MR-MI 40-5 40-5 40-5 40-5
p 5.949E-09 1.189E-11 4.527E-12 7.636E-11
Zakharov MR-MI 10-10 40-5 40-5 40-5 40-5
P 2.581E-11 1.204E-37 5.663E-27 2.985E-30 3.600087E-33
Rastrigin MR-MI 40-100 40-50 10-50 10-25 10-50 10-25 10-25 20-25
p 4.858E-07 3.483E-06 1.989E-06 5.051E-05 1.212E-08 1.670E-08 2.197E-08 0.007707
Schwefel MR-MI 10-100 6-50 10-50 20-25 20-50 6-25 20-25 20-25
p 4.522E-11 2.537E-05 2.544E-33 1.368E-11 1.511E-36 3.228E-33 6.498E-43 1.577E-38

Schwefel function. MBO performs very slow search and is unable to continue the search in the exploitation phase. In the MIDMBO-1
(10 %-25) graph, the algorithm conducts a very fast search during the exploration phase and continues to produce good results by
conducting a detailed search during the exploitation phase. MIDMBO-2 (2 %-100) shows behavior similar to MBO but produces better
results in the exploitation phase due to the effect of migration. When all the results are evaluated together, it is evident that varying MR
and MI values have different effects on the functions, influencing the results of the MIDMBO algorithm and altering its behavior in the
exploration and exploitation phases [34].

The results obtained with MIDMBO show significant differences compared to the results obtained with MBO. In the study, whether
these differences are statistically significant was investigated through hypothesis testing. A t-test was performed to determine if there is
a significant difference between the MIDMBO and MBO results for the most successful average and best results for each number of
islands. The two-sample t-test is a commonly used method to test the equality of two means. Before performing the t-test, it is necessary
to determine whether the variances are homogeneous. As a preliminary test to assess the suitability of the two-sample t-test, the
homogeneity of the variances is evaluated using tests such as the F-test. In this study, the F-test was first conducted, and the homo-
geneity of the variances was checked at the 5 % significance level. For groups with equal variances, a two-sample t-test assuming equal
variances was used, while for groups with unequal variances, a two-sample t-test assuming unequal variances was performed [47,48].

When the p-value obtained from the t-test is less than 0.05, it indicates that the optimization performed using MIDMBO yields
significantly better results than MBO at the 5 % significance level. As shown in Table 7 below, the t-test results between the MBO and
MIDMBO groups yield values very close to zero. The results obtained from both the MBO and MIDMBO algorithms are statistically
significant. The t-test results demonstrate that the migration process substantially improves the outcomes compared to MBO, high-
lighting the significant contribution of migration to the overall performance of the algorithm [34].

The contribution of the migration process to the algorithm’s performance is clearly demonstrated by the obtained results. In
addition, the t-test results confirm that this contribution is statistically significant. According to the findings, while the average and
best results for the Rosenbrock, Rastrigin, and Schwefel functions were achieved at different parameter levels, for the Rotated Hyper-
Ellipsoid function, they occurred at the same levels. For the Zakharov function, variation was observed only at the level where the
number of islands was set to 8. In the subsequent sections of the study, the extent to which changes in migration parameters explain the
variation in performance values obtained through the MIDMBO algorithm was investigated.

3.3. Model building using regression analysis and artificial neural networks

In this stage, regression analysis and artificial neural network models were developed to examine the impact of the migration
process and parameter variations on the algorithm’s performance.

Regression analysis is used to estimate the value of a dependent variable (y) based on the range of values of one or more inde-
pendent variables (x). Simple Linear Regression refers to a model with a single independent variable and describes the dependency of
the dependent variable on it. It is expressed as shown in Eq. (1), where ¢ denotes the random error term and fo is the intercept term:

Y= py + fix + € (€D)]

Multiple Linear Regression (MLR) is a statistical technique used to predict the outcome of a dependent variable using more than one
independent variable. Its primary objective is to model the linear relationship between the dependent variable and the independent
variables under analysis. In this study, a model with three independent variables (MR, MI, and NIs) was employed for the regression
analysis. The model with three independent variables is given in Eq. (2):

Y = fy + i Xy + PoXo + P Xs + € )

Polynomial regression is a special case of regression analysis used when the data fits a non-linear relationship between the
dependent and independent variables, represented by a polynomial equation [49]. In addition to MLR, this study also employed
interaction, pure quadratic, and quadratic polynomial models involving the three independent variables. The interaction model takes
into account both the main effects of the independent variables and their mutual interactions [50]. It is formulated as shown in Eq. (3):
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Table 8
Coefficients of determination.
Benchmark function Model Adjusted R-Squared p-value
Rosenbrock Multivariate linear 0.569 3.87e-18
Quadratic 0.824 5.96e-32
Pure quadratic 0.814 4.27e-33
Interactions 0.57 2.06e-16
Rotated Hyper-Ellipsoid Multivariate linear 0.728 1.15e-27
Quadratic 0.915 3.78e-46
Pure quadratic 0.768 1.21e-28
Interactions 0.869 4.27e-40
Zakharov Multivariate linear 0.777 7.57e-32
Quadratic 0.912 2.15e-45
Pure quadratic 0.827 1.59e-34
Interactions 0.858 1.88e-38
Rastrigin Multivariate linear 0.556 1.65e-17
Quadratic 0.857 4.76e-36
Pure quadratic 0.8 1.32e-31
Interactions 0.603 5.33e-18
Schwefel Multivariate linear 0.678 3.84e-24
Quadratic 0.89 4.76e-41
Pure quadratic 0.85 2.64e-37
Interactions 0.711 2.94e-24
Table 9

Quadratic models.

Quadratic Models

Rosenbrock y = 40.915 — 0.0573 * MR + 0.08808 + — 0.1005 x NIs + 0.00023991 * MR + MI + 0.00016886 * MR * NIs + 0.0003048 x MI
NIs + 0.00095447 +x MR 2 — 0.00067389 « MI> + 0.0014097 * NIs?

Rotated Hyper- y = 6.8379¢— 18 — 1.1212e— 18 * MR + 5.7587e— 19« MI — 4.7641e — 19 « NIs — 1.1808e — 20 * MR * MI + 9.9057e — 21 *

Ellipsoid MR % NIs — 1.0126e — 20 + MI + NIs + 2.3086e — 20 + MR 2 + 1.9636e — 21 + MI*> + 1.1178e — 20 * NIs?

Zakharov y = 6.4843 —0.90811 +* MR + 0.35337 + MI — 0.3174 x NIs — 0.0094879 * MR + MI + 0.0026629 * MR * NIs — 0.0039336 * MI
NIs + 0.021329 * MR 2 + 0.0025347 x MI> 4 0.0066498 * NIs?

Rastrigin y = 94.15 — 0.21998 * MR — 1.3638 * MI — 3.1258 + NIs — 0.0040859 * MR * MI + 0.00022828 + MR * NIs + 0.012292 x MI
NIs + 0.0081023 + MR 2+ 0.0094102 x MI?> + 0.033598 * NIs?

Schwefel y = 77335 — 43.198 x MR — 70.665 + MI — 271.92 x NIs — 0.077643 +* MR + M[ — 0.26492 « MR * NIs + 0.76541 + MI  NIs +

1.1561 + MR 2 4+ 0.46092 + MI* + 3.5074 * NIs®

Y = fy + i Xa + BoXo + P3Xs + f12X1Xo + f13X1 X5 + Prs Xo X3 + € 3)

The pure quadratic regression model consists of the intercept term, the linear terms of the independent variables, and the squared
terms of each variable. This model is given in Eq. (4):

Y =By + piXs + PoXo + B3 Xz + i Xs + Por X5 + P X5 + € 4

The quadratic regression model includes both the squared terms and the interaction terms of the independent variables [51]. The
complete model is expressed in Eq. (5):

Y = By + BiXs + PoXa + P3Xa + fr1oX1 Xa + Pr13X1Xs + Pz XoXs + S X + P X5 + P3s X5 + € &)

Using regression analysis, the coefficients of determination (R?) were employed to investigate and compare the explanatory power
of the changes in the MR, MI, and NIs parameters on the results obtained with MIDMBO. For the test functions, models such as
Multivariate linear, quadratic, pure quadratic, and interactions were developed based on the average values obtained. The dependent
variable in these models is the average fitness values of the test functions, while the independent variables are the MR, MI, and NIs
parameters. All models demonstrated a high level of significance in terms of explanatory power. The adjusted squared value was used
to determine the best explanatory model. The coefficients of determination for the models are presented in Table 8.

For each benchmark function, the Quadratic model has the highest coefficient of determination. The Quadratic model explains the
effect of changes in the parameter values on the fitness values most effectively. Including not only the linear effects but also the
interaction and squared terms of the variables as separate predictors in the quadratic regression model enhances the model’s capacity
by accounting for nonlinear effects. The high values of the coefficient of determination (R?) indicate that the linear, interaction, and
quadratic effects of the MR, MI, and NIs parameters all contribute significantly to the prediction performance.

Table 9 below shows the regression coefficients for the Quadratic model. When the quadratic functions and regression coefficients
are examined, it is observed that the coefficients of MR and NIs are consistently negative, while the coefficients of MR 2 and NIs> are
consistently positive. However, it is noteworthy that the direction (sign) of the MI coefficient varies. Furthermore, for the MR *NIs
interaction term, only the coefficient corresponding to the Schwefel function takes a negative value, whereas for the quadratic term
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MI?, only the Rosenbrock function exhibits a negative coefficient. This indicates that changes in the parameter values tend to have a
similar directional impact on the fitness values across different benchmark functions.

An ANN, fundamentally designed to resemble the human central nervous system, is a distributed processor composed of basic
computational units called neurons. Artificial neurons are capable of receiving a combination of signals from external sources or other
neurons. In this study, a multilayer perceptron is employed. The multilayer perceptron has the ability to solve problems that are not
linearly separable. This structure consists of at least three layers of nodes. In the intermediate or hidden layers, each node is a neuron
that utilizes a nonlinear activation function. Neurons can transform signals through a specific function referred to as the activation
function. The input value located at each node in the previous layer is multiplied by a varying connection weight. In this way, data is
stored within the network parameters, particularly in the weights associated with each connection. The analysis of the system is left to
the network itself, which independently establishes its own criteria to reproduce behavior and thus enables it to make predictions
about the system. ANNs demonstrate strong performance when attempting to forecast the trend of a variable by observing the past
behavior of various factors within an evolving system [52-54].

ANN architecture employed in this study consists of three layers: an input layer, a hidden layer, and an output layer. For each
function, the ANN was constructed using three input variables (MR, MI, and NIs) corresponding to the independent variables, and one
output representing the dependent variable. The structure of the developed ANN model is shown in Fig. 2.

In ANNS, all data are divided into three subsets: training, testing, and validation. The training dataset is used to identify patterns
within the data and to train the model. The validation dataset is utilized during the training process to fine-tune the model’s
hyperparameters and prevent overfitting, ensuring that the model generalizes well to new data. Finally, the testing dataset is used to
evaluate the model’s performance after training is complete, providing an unbiased assessment of how well the model can predict
outcomes on unseen data [54]. The training subset constitutes a significant portion of the dataset and is used to optimize the network’s
weights and bias values throughout the learning process. In this study, the Levenberg-Marquardt algorithm was selected as the training
algorithm, which iteratively adjusts the weights and is commonly used to solve nonlinear least squares problems [55]. The validation
subset is used to adjust the hyperparameters of the ANN model during the training process. It helps assess the model’s performance on
unseen data and aids in making decisions regarding necessary adjustments. The test subset is employed to evaluate the final perfor-
mance of the trained ANN model. It provides an unbiased assessment of the model’s generalization capabilities on unseen data [56].
For ANNS, validation is performed to assess the reliability and generalizability of the models developed based on the predicted dataset.
Prediction models are typically trained on a specific dataset. Through validation, the model is tested on new and unseen data, allowing
predictions to be generalized beyond the training set [57].

One of the most important results to be evaluated is the correlation between the predicted values generated by the ANN and the
experimental values. Values close to 1 indicate that the ANN model has effectively captured the data patterns and variations. The
alignment of ANN predictions with the experimental data suggests high accuracy. High correlation values demonstrate that the ANN
model is reliable for predicting experimental outcomes [55].

In this study, the correlations between the outputs and targets are demonstrated using R values. The relationship between the
output and the target for each function is presented in Fig. 3, along with the corresponding R values. An R value close to 1 indicates a
strong relationship, while a value close to 0 suggests a random relationship. For models where R is greater than 0.8, it can be concluded
that there is a strong correlation, reflecting a good fit to the observed data points [54]. Thus, R values close to 1 highlight the impact of
the target values on the output. As shown below, the R values for the test data are 0.97988, 0.98888, 0.99343, 0.98030, and 0.97545,
respectively. When these R values are examined together, it is evident that a successful model has been established, demonstrating a
strong relationship between the target and the output. The ANN model, which uses the results of all functions together, was constructed
with 4 inputs (function, MR, MI, NIs) and 1 output. The result of 0.99031 obtained from the test data indicates that the functions have a
significant effect on the output.

When analyzing the accuracy of ANN models, the determination coefficients indicate that they closely align with models related to
learning [58]. The determination coefficient, R?, between the outputs and targets is a measure of how well the variation in the output is
explained by the targets and outputs. High R? values indicate a good match between the observed and predicted data [59]. In this
study, the performance level of the developed ANN models was as follows: for Rosenbrock, 96 % (R? = 0.96016), for Rotated
Hyper-Ellipsoid, 97 % (R? = 0.97788), for Zakharov, 98 % (R? = 0.98690), for Rastrigin, 96 % (R? = 0.96098809), and for Schwefel, 95
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Fig. 3. ANN model performance analysis plot.

% (R? = 0.951502703). To compare the prediction success of the models in this study, the R? values were considered as the perfor-
mance indicator. For Quadratic Regression, the Adjusted R-Squared values were taken into account, while for the ANN, the R-Squared
value of the linear model between the output and target was considered. The results of the models obtained for the test functions are
provided in Table 10 below.

According to the results obtained, the training, testing, and validation outcomes of the ANN model exhibit higher explanatory
power compared to the results of the quadratic regression model. To statistically validate the explanatory power of the models, the
non-parametric Wilcoxon Signed-Rank test was employed. Since the significance level obtained from the test was 0.043 < 0.05, it
indicates that there is a statistically significant difference between the two models in terms of coefficient of determination performance
[25]. In the problem of investigating the effect of migration parameters on the fitness value, since the analytical form of the function is
unknown, both regression analysis and the use of ANN, which involves fewer assumptions and explores relationships beyond the
quadratic form, were utilized for prediction. After conducting research with the ANN, it can be stated that the results obtained were
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Fig. 3. (continued).
Table 10
Determination coefficients.
Performance Indicator Rosenbrock Rotated Hyper-Ellipsoid Zakharov Rastrigin Schwefel
Quadratic Regression 0.824 0.915 0.912 0.857 0.89
Adjusted R-Squared
ANN R 0.97988 0.98888 0.99343 0.98030 0.97545
ANN R-Squared 0.960164814 0.977883654 0.986903165 0.96098809 0.951502703

more effective in prediction. One of the advantages of the ANN is its exploratory nature, while the ability of the established models to
allow the analysis of variables and interactions is an advantage of regression analysis.

4. Conclusion

In this study, the neighborhood-based optimization algorithm known as MBO was implemented on a distributed HPC system using
multiple islands. The aim was to develop a new algorithm, referred to as MIDMBO, that would produce more successful results than
MBO. Additionally, the study investigated migration parameters that could enable the distributed algorithm to yield improved out-
comes. Using the results obtained from the experiments, the relationship between the migration parameters and the fitness value was
modeled. Through regression analysis, different model structures were developed for each benchmark function, and based on the
coefficient of determination, the Quadratic model was identified as the most successful. All constructed mathematical models were
found to be statistically significant. The quadratic models provided insights into the direction and magnitude of the effects of pa-
rameters, their interactions, and their squared terms on performance.

Consequently, this study statistically demonstrates the significance of migration parameters used in island-based distributed
metaheuristic algorithms and their relationship to algorithm performance. It establishes that changes in migration parameters have a
highly significant impact on algorithm performance. As a secondary modeling approach, an ANN analysis was also conducted. The
high coefficients of determination observed in the ANN models between the target and the fitness value further support the effec-
tiveness of the proposed models. Moreover, the determination coefficients obtained from the ANN analysis were higher than those
from the regression analysis. The consistency of these findings across all different benchmark functions supports one another. These
results also indicate that the success of the developed MIDMBO algorithm is not random but statistically significant, highly correlated
with the parameters, and exhibits consistent performance across various benchmarking functions.
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