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Abstract. Feature selection is a crucial step in preprocessing high-dimensional data.
It aims to eliminate irrelevant and redundant features, thereby significantly improving
classification performance and reducing computational cost. Although evolutionary al-
gorithms demonstrate strong global search capabilities in this field, their performance is
often limited by manually designed and fixed-position update strategies. These strategies
lack adaptability to complex and dynamic data structures. To overcome this limitation,
this paper proposes a novel genetic programming (GP)-based feature selection method. It
automatically evolves position update formulas through symbolic expression mechanisms,
thereby enhancing the search efficiency and adaptability of the algorithm. Furthermore,
a binary version of the proposed method is developed and successfully applied to fea-
ture selection tasks on multiple UCI benchmark datasets. Experimental results show that
the method consistently outperforms several traditional binary evolutionary algorithms
in classification accuracy and feature subset size. This validates the effectiveness and
robustness of the GP-based strategy generation approach in complex feature spaces.
Keywords: Genetic Programming (GP), Evolutionary Algorithm, Optimization For-
mula Generation, Feature Selection.
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1. Introduction. With the rapid development of artificial intelligence and big data tech-
nologies, the processing and analysis of high-dimensional data have become a focal point
of current research. Feature selection is a crucial preprocessing step for high-dimensional
data that has attracted extensive attention in recent years. It effectively removes redun-
dant, irrelevant, and noisy features, thereby reducing data dimensionality and enhancing
both computational efficiency and model generalization. Feature selection plays a vital
role in various practical applications such as medical diagnosis, financial risk control, im-
age recognition, and bioinformatics. Its importance becomes especially prominent in the
analysis of high-dimensional sparse data, including gene expression data, text classifica-
tion, and remote sensing imagery.

Evolutionary Computation (EC), as a population-based global optimization method,
simulates natural selection and genetic variation mechanisms, demonstrating excellent
search capabilities and adaptability, making it an effective tool for feature selection. Typ-
ical EC algorithms include Genetic Algorithm (GA) [1], Particle Swarm Optimization
(PSO) [2], and Differential Evolution (DE) [3]. These algorithms utilize diverse evolu-
tionary operators and collaborative population strategies to identify feature subsets with
high discriminative power within complex search spaces, thereby enhancing the effective-
ness of feature selection. Besides feature selection [4], EC methods have also achieved
remarkable success in fields such as image processing [5], computer networks [6], and
production scheduling [7].

However, despite their promising performance in feature optimization, these meta-
heuristic algorithms [8] still face several challenges. In particular, premature convergence
to local optima and difficulties in maintaining population diversity are more evident in
high-dimensional and complex problems.Most current EC algorithms rely on manually
designed position update strategies and fixed mathematical expressions. This “designer-
driven” approach limits the algorithms’ ability to dynamically adapt to varying problem
characteristics, increases the difficulty of parameter tuning, and negatively impacts ro-
bustness and search efficiency.

On the other hand, the designer’s subjective preferences may affect the generaliza-
tion ability of the formula, leading to inconsistent algorithm performance across different
problems. Furthermore, according to the ”No Free Lunch Theorem,” no single optimal
algorithm can be universally applied to all optimization problems [9]. Therefore, over-
coming the limitations of manually designed update formulas is a critical challenge in
evolutionary algorithm research. Enhancing their adaptability and generalization ability
is essential for improving algorithm performance.

This manuscript proposes a Genetic Programming-based Rafflesia Optimization Al-
gorithm (GP-ROA) to address these issues. As an evolutionary computation method,
Genetic Programming (GP) can dynamically generate mathematical expressions using
a tree-based structure, optimizing the evolution of search rules for complex problems
[10, 11]. Meanwhile, the Rafflesia Optimization Algorithm (ROA) is an emerging meta-
heuristic algorithm that simulates the resource competition and adaptive behaviors of
Rafflesia [12]. It demonstrates strong global search capabilities and effectively maintains
population diversity. It has also shown good performance in fields such as engineering
optimization [13], water pipeline network design [14], and multithreshold image segmen-
tation [15]. However, GP may converge prematurely when evolving complex expressions,
while ROA relies on manually designed and fixed position update formulas, which limits
its adaptability. In ROA, the search behavior of individuals is completely determined by
predefined update formulas. Once these formulas are fixed, the algorithm cannot adjust
its search pattern according to different problem characteristics. In contrast, GP is par-
ticularly suitable for automatically generating and optimizing mathematical expressions.
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Therefore, GP is introduced to evolve the position update formulas of ROA automatically,
enabling the search strategy to be adjusted during the optimization process rather than
remaining fixed.

In this manuscript, GP is utilized to evolve the position update formula of ROA, and
its optimization performance is evaluated on the CEC2017 benchmark test set [16]. Fur-
thermore, to verify its effectiveness in real-world problems, GP-ROA is extended to a
binary version and applied to feature selection tasks. In high-dimensional data environ-
ments, Feature Selection(FS) aims to eliminate redundant or irrelevant features to reduce
computational costs and improve classification performance [17]. Experimental results on
UCI datasets show that the optimization formulas generated by GP can improve search
efficiency compared to traditional methods. In certain cases, they also achieve superior
feature selection results.

The main contributions of this manuscript are as follows:
1). An automatic GP-based optimization formula generation method for improving the

search strategy of evolutionary algorithms is proposed and validated using GP-ROA as
an example;

2). The optimization power of GP-ROA is evaluated on the CEC2017 benchmark test
set and compared with classical and popular evolutionary algorithms;

3). Extend GP-ROA to binary form and apply it to feature selection and validate its
effectiveness with experimental analysis on multiple UCI datasets.

This manuscript is organized as follows: section 2 introduces the basic techniques of
ROA and GP in detail; Section 3 comprehensively describes the GP-ROA algorithm
proposed in this manuscript and its newly derived position update formula; Section 4
evaluates the performance of the GPROA algorithm on the CEC2017 test set and ana-
lyzes it in comparison with other algorithms; section 5 applies the GPROA algorithm to
feature selection, shows the experimental results and provides a detailed analysis; Section
6 summarizes the main points of this manuscript and discusses potential directions for
future research.

2. Related Work.

2.1. ROA. The king flower is a decaying plant with an extremely short main axis, no
leaves, and no underground stems. When it blooms, it emits a special odor that attracts
insects for pollination, which are sometimes trapped and killed by its unique structure.
After the flowers are gone, the fruit ripens and contains many tiny seeds. These seeds
spread through various pathways in search of a suitable environment for germination.
Based on these characteristics, the ROA can be realized in three stages. The process of
attracting insects involves two strategies. The first strategy focuses on replacing poorly
performing individuals with better ones. Under this strategy, 1/3 of the poorly adapted
individuals are replaced by a new individual. To calculate the position of the new indi-
vidual, The manuscript considers each of its dimensions as a point in a three-dimensional
space, and the position model is shown in Fig.1. The formulas for updating the position
of a single Xi are (1) to (3).

Xik = Xbest k
+ d · sin βk cos γk (1)

d =

√√√√ D∑
k=1

(XRk
−Xbest k

)2 (2)
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Figure 1. The model of the calculated dimensions

Xworst i
= Xi (3)

where d is the distance between Xi and Xbest. Xi is a random individual in the population.
Xbest represents the top-performing individual in the population, while Xworst denotes the
lowest-performing one. βk is a random value chosen from the range [0, π/2], and γk is a
random value within the interval [0, π]. The second strategy involves updating 2/3 of the
individuals to enhance their adaptation. The velocity update equations for individuals
are based on the insect flapping wing flight model and are presented in equations (4)-(7).

−→v1 =
ω0

2

√
A2 sin2 (ω0t+ θ) +B2 cos2 (ω1t+ θ) (4)

−→v2 = −→v2ω0 cos (ω0t+ θ + ϕ) (5)

v⃗ = −→v1 +−→v2 (6)

X(t) = X(t) + C · v⃗ · t+
(
Xbest −X(t)

)
· (1− C) · rand (7)

v1 and v2 denote the translational and rotational velocities, respectively. ω0 and ω1 denote
the frequency period of the flutter and side-flutter wings, respectively, and both have a
value of 0.025. a is the amplitude of the wing during its motion and has a value of 2.5.
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b is the transverse offset and has a value of 0.1. ϕ denotes the phase difference between
the translational and rotational velocities and has a value of -0.78545. θ has a range of
values ( 0,2 π). v2 has an initial value of (0,2 π). C is a random number in (-1,1).
Based on the principle of ”survival of the fittest,” the individual with the lowest fitness

is eliminated after several iterations during the insect swallowing stage. This process
enhances solution quality and improves the algorithm’s efficiency.

In the seed sowing stage, the Rafflesia’s position is represented by the initial optimal
individual, while other individuals randomly search for a suitable growth environment.
The individual update equation in this stage is as follows:

X(t)k = Xbestk + rd · exp
(

iter

Max iter
− 1

)
· sign(rand− 0.5) (8)

Here, k(k = 1, . . . , D) denotes the population dimension. The terms iter and Max iter
represent the current and maximum number of iterations, respectively. The function
sign(rand − 0.5) outputs 1 or -1. rd indicates the range of individual values in the
population, and its expression is given by:

rd = rand · (ub− lb) + lb (9)

ub represents the upper bound of the search space, while lb denotes the lower bound.
In summary, the ROA algorithm consists of three key stages: insect attraction, individ-

ual elimination, and seed dispersal. The core update mechanisms have been fully defined
in Equations (1)-(9).

2.2. GP. Genetic Programming (GP) is an evolutionary computational method proposed
by John R. Koza in the early 1990s, which is an expansion and extension of Genetic Algo-
rithm (GA) [18]. The core idea of GP is to simulate the selection, crossover, and mutation
processes in biological evolution. It aims to achieve the automatic generation of computer
programs through random search. Additionally, it relies on optimization techniques to
improve the generated programs. Its biggest advantage lies in its low demand for human
intervention and its ability to solve the target problem autonomously. As a result, it has
been widely used in Multi-intelligence reinforcement learning [19], feature extraction [20],
and project scheduling problems [21].

In GP, each solution is represented as a tree whose nodes include operators in the set
of functions and variables or constants in the set of terminals. Population initialization
usually adopts a mixed strategy, where some individuals are generated by the depth-first
method and some by the breadthfirst method to ensure the diversity of the population.
Meanwhile, the depth of each tree needs to satisfy a preset limit to avoid overly complex
structures.

The process of GP operation is usually divided into three main steps: selection, crossover,
and mutation [22].

Selection:
The selection phase selects individuals from the population that need modification to

provide the basis for the next population generation. Commonly used selection methods
include random, roulette, and tournament selection. Roulette selection is more likely to
fall into a local optimum, as it relies on probability proportional to fitness. In contrast,
tournament selection allows for more flexible adjustment of selection pressure through
small-scale competition.

Crossover:
The crossover operation is one of the central steps in GP, aiming at information sharing

through genetic recombination. Specifically, crossover points are randomly selected among
two-parent individuals, and their corresponding subtrees are exchanged to generate new
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individuals. The crossover operation incorporates the advantages of the parents and
potentially introduces more diversity. However, the size of the crossover subtree needs to
be controlled to prevent the solution space from becoming too large, as shown in Fig.2.

-

+ 6

× ×

x x 32

×

- ÷

7 2 x 1

-

÷

x 1

6

×

- +

7 2 × ×

x x 2 3

Crossover

Figure 2. Example illustration of the crossover process

Mutation:
Mutation is a key genetic operation that introduces a new structure by randomly mod-

ifying a portion of an individual to increase population diversity and avoid falling into
local optima. Mutation usually involves replacing a subtree in an expression tree, e.g.,
replacing the original subtree with a randomly generated new subtree that allows in-
dividuals to explore a new search space. Mutation can be classified into various types
based on the modification. One type is subtree mutation, which selects a subtree and
replaces it with a newly generated subtree, usually resulting in a significant change in
the individual’s behavior and improving global search. Another type is node mutation,
which introduces a slight perturbation by randomly selecting and replacing a single node
with another operator or terminal variable. Together, these mutation operations en-
able genetic programming to maintain high search efficiency and diversity of solutions
in complex optimization problems, as shown in Fig.3. In summary, with its flexibility

×
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Figure 3. Example illustration of the mutation process

and scalability, GP provides a powerful tool for modeling and solving complex problems.
Meanwhile, optimization studies on GP, such as stack-based GP, linear structure-based
GP, and multi-objective GP, have further enhanced its performance. These advancements
have also expanded its application scope.

3. GP-ROA. This chapter proposes a method based on Genetic Programming (GP) to
optimize the Rafflesia Optimization Algorithm (ROA), i.e., GP-ROA.GP generates the
positional updating formula of ROA through evolution to enhance the search capability
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Table 1. Parameter Settings for GP-Based Formula Generation

Parameter Setting
Size of the population 30
Method of initialization half in depth and half in breadth

Maximum number of iterations 600
Upper and lower bounds of tree depth 3/5
Retention rate of high-quality samples 0.2

Crossover-to-mutation ratio 0.9/0.05

and adaptability of the algorithm. Unlike the traditional hand-designed update formulas,
the formulas generated by GP can be dynamically adjusted according to the problem
characteristics, making the optimization process more intelligent.

In GP-ROA, GP is responsible for evolving individual position update formulas to
replace the original fixed formula of ROA (Equation (7). This method allows GP to
explore more complex mathematical expressions and improve individuals’ search efficiency.
To verify the effectiveness of GP-ROA, we evaluate its performance using the CEC2017
benchmark test set in this chapter.

In the position update formula generated by GP, designing the terminal and function
sets is crucial for Genetic Programming (GP). Based on the research of ROA, the terminal
set and function set designed for ROA are shown below:{

Terminal : {C,Xbest, Xt, v, rand, 1}
Function : {+,−,×,÷}

The value of Xt denotes the position of the current individual in the population, while
v denotes the speed of the current individual. The value of Xbest denotes the position
of the optimal individual in the population. Rand is a random number in (0, 1), C is a
random number in (-1,1).

Through GP evolution, these elements will be combined to form new position update
formulas to improve the adaptability of ROA in different optimization tasks.

Table 1 provides an overview of the parameters associated with the GP generation
formula. With the GP generation formula, the depth of the individuals is set in the
range of 3 to 5. At the beginning of the process, a random depth is selected for each
individual within the specified limits. To improve efficiency in finding suitable formulas
within a shorter time and to accelerate convergence, the algorithm directly retains the top
20% of individuals from the previous generation into the next generation. The remaining
80% of individuals are generated through crossover and mutation operations. To enhance
population diversity, individuals selected for mutation undergo one of the following ran-
domly chosen mutation methods: terminal node mutation, non-terminal node mutation,
or growth mutation. The resulting Equation generated by GP is shown in Equation (10).

X(t) = ((C +Xbest · (v + C))) ·
(
(C + rand)

(1− rand)

)
+X(t) (10)

Unlike the original equation, the GP-generated formula dynamically incorporates an
individual’s position Xbest and velocity v, enhancing the adaptiveness of velocity updates.
In addition, the formulation contains a nonlinear scaling factor (C + rand)/(1 − rand),
which increases the perturbation magnitude and helps to improve the search capability
and prevent premature convergence. At the same time, the learning constant C functions
in multiple computational terms, guiding individuals based on the global optimal solution.
It also allows individuals to adjust to their state, improving search diversity. In contrast,
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Algorithm 1 GP-Generated ROA Algorithm

1: Input: f(x); N ; d; lb; ub; Max iter; GP Parameters; Terminal set; Function set.
2: Output: Global optimal solution Xgbest and best GP-generated evolutionary formula.
3: Initialize ROA-related parameters.
4: Randomly initialize the positions of insect individuals.
5: Generate an initial GP population.
6: for iter = 1 to Max iter do
7: Compute the fitness of each insect.
8: Sort individuals based on fitness and select the current best Xbest (lowest fitness

value).
9: if rem(iter, 600) < 300 then
10: for i = 1 to N do
11: if i ≤ N/3 then
12: Update individuals using ROA Equations (1)–(3).
13: else
14: Select an evolutionary formula Xnew from the GP population.
15: if Xnew has a lower fitness value than Xbest then
16: Update Xbest.
17: Store the best evolutionary formula.
18: end if
19: end if
20: end for
21: end if
22: if rem(iter, 600) = 300 then
23: Perform the swallowing stage, deleting the worst-performing individual.
24: end if
25: if rem(iter, 600) > 300 then
26: for i = 1 to N do
27: Compute random perturbation rd (using Equation (9)).
28: Update the individual’s position using Equation (8).
29: end for
30: end if
31: Record the best fitness value.
32: end for
33: Return Xgbest and the best GP-generated evolutionary formula.

the original formulation adopts a fixed linear combination with a single search pattern.
The GP formulation, on the other hand, improves adaptability and global optimization
ability in complex problems through evolutionary optimization.

The pseudo-code of GP-ROA is shown in Algorithm 1:

4. Experimentation and Analysis of the CEC2017 Benchmark Test.

4.1. Experimental Design. The performance of GP-ROA on global optimization prob-
lems was evaluated using the CEC2017 benchmark test functions. The set of test func-
tions covers a variety of complex optimization scenarios, including multi-peak function,
single-peak function, and composite function, which can comprehensively evaluate the
optimization capability of the algorithms. The problem dimensions are 30D and 50D,
and the comparison algorithms include PSO [23], Sine Cosine Algorithm(SCA) [24], Grey
Wolf Optimizer(GWO) [25], Butterfly Optimization Algorithm(BOA) [26] and ROA and



28 H.C. Huang, J.S. Pan and B.Y. Liao

all the experiments are run under the same parameter settings. The population size of
all algorithms involved in the experiments is set to 30, and 600 iterations are performed
for each algorithm. Considering the effect of randomness, 10 independent runs were per-
formed, and the results were averaged for comparison. Table 2 provides information about
each algorithm and the parameters used.

Table 2. Parameter settings for each related algorithm

Algorithm Parameter Setting
PSO Vmax 10

c1,c2 2
w 0.3

SCA a 2
WOA a linearly decreases from2 to 0

a2 linearly decreases from -1 to -2
Spiral factor b 1

BOA probabibility switch 0.6
power exponent 0.1
sensory modality 0.01

ROA A 2.5
f 40
B 0.1
φ −0.78545

4.2. Statistical Results. Table 3 demonstrates the mean and standard deviation of
GPROA versus the other five comparative algorithms for the 30-dimensional test con-
ditions. In terms of mean performance, GP-ROA achieved better results than the other
algorithms on 17 of the 30 test functions, showing its significant advantage in optimization
capability. In addition, Table 5 provides these six algorithms’ mean and standard devia-
tion data for 10 runs under 50-dimensional test conditions. From the analysis of the mean
results, GP-ROA achieved the smallest mean value among the 16 test functions. This re-
sult indicates that its optimization performance in higher dimensions remains strong and
outperforms the other compared algorithms.

These data show that GP-ROA achieves a significant improvement in terms of optimization-
seeking ability compared to the original ROA algorithm. This improvement is attributed
to the optimization of GP-ROA’s algorithmic structure. As a result,it becomes more ef-
ficient in navigating the search space and can approximate the global optimal solution
more quickly and stably. Meanwhile, GP-ROA demonstrates greater adaptability and
competitiveness compared to several other mainstream metaheuristic algorithms. It is
also able to provide better solutions to complex optimization problems.

Overall, GP-ROA’s performance in the CEC2017 benchmark test fully validates its
advantages in solving highdimensional complex optimization problems. It significantly
improves the optimality-finding capability. Additionally, it demonstrates excellent per-
formance in terms of reliability and stability.

Although GP-ROA outperforms other algorithms in most test functions, it performs
poorly in certain cases, such as f3 and f9. One possible reason is that the GP-generated
update formula introduces additional randomness, which may not benefit functions with
sharp minima or highly structured landscapes. Additionally, the increased complexity of
the evolved formula could lead to slower convergence in some scenarios.
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Table 3. The mean and standard deviation of each algorithm on the
CEC2017 test function 30 dimensions

Function PSO SCA GWO BOA ROA GP-ROA
f1 adv 5.8613e+10 6.1563e+10 5.5952e+10 5.6807e+10 5.6028e+10 5.5913e+10

std 1.2629e+09 1.0698e+09 7.6398e+07 6.4083e+08 2.8413e+08 3.7728e+06
f3 adv 6.1182e+04 7.5205e+04 9.2364e+04 7.3742e+04 6.1340e+04 6.5689e+04

std 2.0031e+03 2.6965e+03 7.3196e+03 2.5848e+03 851.2229 2.1818e+03
f4 adv 2.0433e+04 2.1479e+04 1.9466e+04 1.9870e+04 1.9464e+04 1.9415e+04

std 700.7208 314.9285 106.8213 221.6552 57.5069 7.7814
f5 adv 823.6780 900.3818 803.5171 830.8670 826.6032 831.0400

std 19.0153 16.8607 30.6984 20.7403 16.7732 25.5675
f6 adv 666.9098 688.7066 666.8944 673.4806 674.2606 671.5596

std 3.8502 6.0366 6.1037 3.3803 10.0106 4.8091
f7 adv 1.2369e+03 1.3390e+03 1.3147e+03 1.3420e+03 1.2687e+03 1.2360e+03

std 38.3663 22.9136 41.2305 28.7245 53.2866 48.4255
f8 adv 1.0235e+03 1.1070e+03 1.0316e+03 1.0337e+03 1.0207e+03 1.0096e+03

std 19.4174 18.2647 21.7258 20.3644 20.8074 21.6145
f9 adv 5.4381e+03 1.0586e+04 7.6856e+03 8.8410e+03 5.8786e+03 7.6606e+03

std 270.5955 854.4512 889.6814 1.2676e+03 450.9296 1.4149e+03
f10 adv 6.1703e+03 7.8839e+03 5.5024e+03 5.9877e+03 6.3942e+03 6.1344e+03

std 296.3532 342.0533 535.7652 643.3580 900.0843 451.5844
f11 adv 1.8278e+07 1.8278e+07 1.8277e+07 1.8278e+07 1.8277e+07 1.8277e+07

std 514.6487 323.7334 98.9618 733.9448 76.9601 12.4580
f12 adv 1.8698e+10 1.9768e+10 1.8509e+10 1.8733e+10 1.8508e+10 1.8484e+10

std 2.5263e+08 3.0923e+08 7.1675e+07 1.7131e+08 4.5487e+07 4.1568e+05
f13 adv 2.8636e+10 2.8720e+10 2.8636e+10 2.8636e+10 2.8636e+10 2.8636e+10

std 2.1222e+03 9.3101e+07 300.1942 3.8296e+03 1.6142e+03 103.9557
f14 adv 2.8593e+08 2.8593e+08 2.8593e+08 2.8593e+08 2.8593e+08 2.8593e+08

std 22.6553 13.5946 17.4428 11.9249 14.6795 14.6664
f15 adv 2.9709e+09 2.9708e+09 2.9696e+09 2.9696e+09 2.9696e+09 2.9696e+09

std 2.8661e+06 1.7503e+06 2.1848e+03 1.0465e+04 2.8595e+03 3.4448e+03
f16 adv 1.5101e+04 1.6133e+04 1.5116e+04 1.5591e+04 1.5178e+04 1.5221e+04

std 226.3241 302.9799 323.8113 329.8678 328.9471 365.7376
f17 adv 5.6995e+04 5.7280e+04 5.7162e+04 5.7371e+04 5.7175e+04 5.6996e+04

std 241.6408 155.1574 392.0526 294.2413 305.6322 168.9302
f18 adv 1.3711e+09 1.3893e+09 1.3727e+09 1.3874e+09 1.3720e+09 1.3707e+09

std 1.9470e+06 1.2245e+07 3.4349e+06 1.1563e+07 2.0130e+06 8.0377e+05
f19 adv 3.1217e+09 3.1228e+09 3.1228e+09 3.1232e+09 3.1212e+09 3.1211e+09

std 2.5429e+06 7.2252e+05 9.8466e+05 1.2598e+06 2.9588e+05 3.4417e+05
f20 adv 3.3478e+03 3.3635e+03 3.4109e+03 3.3885e+03 3.3856e+03 3.3263e+03

std 89.5929 15.9486 100.3447 78.2122 98.3696 65.9431
f21 adv 2.8304e+03 2.8686e+03 2.7840e+03 2.8187e+03 2.8028e+03 2.8009e+03

std 25.0614 14.4004 25.1713 23.9600 34.6272 19.0677
f22 adv 8.3537e+03 9.3628e+03 8.8652e+03 8.4555e+03 8.4273e+03 8.3381e+03

std 203.1595 286.8143 425.4134 456.8509 401.5261 245.2027

Future work could explore adaptive GP constraints to more effectively balance explo-
ration and exploitation. This approach would be especially useful for problems where
maintaining structural information is crucial.
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Table 4. Table 3 (continued)

Function PSO SCA GWO BOA ROA GP-ROA
f23 adv 4.9812e+03 5.7581e+03 4.9543e+03 5.1566e+03 5.2136e+03 5.1889e+03

std 275.2749 113.8120 226.8182 201.8920 245.8657 254.5374
f24 adv 4.7686e+03 4.8179e+03 4.6952e+03 4.7449e+03 4.6600e+03 4.6695e+03

std 41.7189 17.8951 38.7376 54.8537 18.3181 23.3132
f25 adv 5.3689e+03 5.6703e+03 5.1352e+03 5.2819e+03 5.1095e+03 5.0959e+03

std 134.7647 89.2992 48.6920 99.2599 21.6686 0.5018
f26 adv 1.1953e+04 1.2404e+04 1.1982e+04 1.1808e+04 1.1658e+04 1.1544e+04

std 268.6301 149.8357 204.9464 128.6254 104.3689 125.3570
f27 adv 6.8126e+03 7.6180e+03 7.4575e+03 7.1622e+03 7.2259e+03 6.7572e+03

std 281.7018 164.0198 270.1017 246.3120 304.2252 308.4007
f28 adv 7.5252e+03 7.8400e+03 7.2225e+03 7.2879e+03 7.2086e+03 7.1932e+03

std 106.8322 80.8229 27.9510 38.2323 25.8411 6.5390e-04
f29 adv 3.5988e+04 3.7848e+04 3.4013e+04 3.4895e+04 3.2525e+04 3.2358e+04

std 2.0277e+03 973.1293 962.3694 844.4327 642.3407 788.8754
f30 adv 6.0339e+09 6.2177e+09 5.7074e+09 5.8317e+09 5.6854e+09 5.6529e+09

std 1.5147e+08 8.8531e+07 8.5070e+07 4.6142e+07 2.8744e+07 4.8731e+05
win 21 29 24 25 23

Table 5. The mean and standard deviation of each algorithm on the
CEC2017 test function 50 dimensions

Function PSO SCA GWO BOA ROA GP-ROA
f1 adv 9.8879e+10 1.0437e+11 8.7093e+10 9.0427e+10 8.6781e+10 8.6296e+10

std 2.3954e+09 1.5104e+09 9.1381e+08 7.2598e+08 5.9200e+08 7.3074e+07
f3 adv 1.4307e+05 1.8399e+05 1.7536e+05 1.8660e+05 1.4295e+05 1.4948e+05

std 5.7887e+03 1.1244e+04 7.5754e+03 1.1215e+04 2.9115e+03 5.7410e+03
f4 adv 3.5453e+04 3.7846e+04 3.1990e+04 3.2966e+04 3.1771e+04 3.1388e+04

std 958.6003 748.6903 286.4387 419.1781 453.8050 111.1920
f5 adv 914.8757 1.1409e+03 932.6246 974.1920 928.3570 955.0585

std 26.5727 21.3618 24.2556 32.7617 26.3926 31.1430
f6 adv 669.4468 699.9238 671.5099 684.9015 679.1084 677.7425

std 2.5437 3.4650 5.8673 5.8413 6.1330 5.2398
f7 adv 1.7043e+03 1.8757e+03 1.8654e+03 1.9335e+03 1.7547e+03 1.6917e+03

std 32.5590 22.8602 51.7154 54.3239 57.3510 60.0635
f8 adv 1.2704e+03 1.4672e+03 1.2840e+03 1.3354e+03 1.2883e+03 1.3269e+03

std 21.2486 27.7701 27.4950 17.7619 19.7144 63.4742
f9 adv 1.4409e+04 3.6468e+04 1.8940e+04 3.1927e+04 1.5464e+04 2.6293e+04

std 897.7735 2.6011e+03 2.1977e+03 1.9735e+03 1.9196e+03 3.3209e+03
f10 adv 9.6009e+03 1.4027e+04 1.1881e+04 1.0674e+04 1.0443e+04 1.0216e+04

std 617.4744 313.0143 994.9414 455.0823 595.8999 930.9808
f11 adv 1.8795e+04 2.1174e+04 1.9075e+04 1.9045e+04 1.8323e+04 1.8510e+04

std 804.6566 394.0034 477.4467 408.3526 44.4140 181.7796
f12 adv 9.9722e+10 1.0464e+11 9.3752e+10 9.5739e+10 9.4014e+10 9.3346e+10

std 2.6997e+09 1.5829e+09 5.2372e+08 8.2999e+08 7.1553e+08 2.0777e+07

4.3. Convergence Analysis. In addition, this manuscript provides a detailed analysis
of GP-ROA in terms of convergence performance. It evaluates the algorithm in 30- and
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Table 6. Table 5 (continued)

Function PSO SCA GWO BOA ROA GP-ROA
f13 adv 7.8681e+10 8.0308e+10 7.8576e+10 7.8715e+10 7.8576e+10 7.8576e+10

std 2.4496e+08 5.6163e+08 7.2366e+03 1.2875e+08 1.9885e+05 8.8777e+03
f14 adv 5.9518e+08 5.9915e+08 5.9199e+08 5.9224e+08 5.9199e+08 5.9199e+08

std 6.8137e+06 4.2144e+06 49.8139 7.7114e+05 31.1858 37.5011
f15 adv 1.3734e+10 1.3825e+10 1.3734e+10 1.3736e+10 1.3734e+10 1.3734e+10

std 1.7407e+03 1.0372e+08 1.3982e+03 5.2768e+06 3.2421e+03 2.0638e+03
f16 adv 1.2587e+04 1.4698e+04 1.2761e+04 1.2617e+04 1.2493e+04 1.2380e+04

std 308.1008 402.4916 569.2414 561.7313 508.8584 269.5650
f17 adv 1.0385e+04 1.2006e+04 1.0425e+04 4.2720e+04 1.0284e+04 1.0162e+04

std 857.0690 556.7555 470.0053 355.4603 419.3220 359.6343
f18 adv 3.7464e+08 3.8003e+08 3.4891e+08 3.5436e+08 3.4808e+08 3.4808e+08

std 2.8091e+07 1.4528e+07 1.8999e+06 8.9332e+06 2.1979e+03 8.5958e+03
f19 adv 8.1643e+09 8.2028e+09 8.1642e+09 8.1644e+09 8.1644e+09 8.1641e+09

std 5.8199e+05 2.5011e+07 3.7365e+05 5.5539e+05 2.8811e+05 1.1649e+05
f20 adv 3.8159e+03 3.8895e+03 4.1033e+03 3.8760e+03 3.7809e+03 3.7213e+03

std 189.0315 179.3187 346.4464 324.9531 258.8873 252.9844
f21 adv 3.4346e+03 3.6261e+03 3.4470e+03 3.4283e+03 3.3690e+03 3.3550e+03

std 39.4247 18.8088 54.0204 37.6977 75.6613 49.1541
f22 adv 1.3233e+04 1.6865e+04 1.3411e+04 1.4464e+04 1.4063e+04 1.4284e+04

std 471.6573 680.9610 880.7762 447.7342 909.1677 582.6394
f23 adv 5.6455e+03 6.9715e+03 5.5704e+03 6.0310e+03 5.7193e+03 5.9982e+03

std 314.9463 154.0551 374.9592 383.6129 169.9682 265.8626
f24 adv 6.1367e+03 6.3074e+03 6.0265e+03 6.6374e+03 5.9211e+03 5.8876e+03

std 60.7887 23.0423 68.8808 61.6568 37.3037 54.7487
f25 adv 1.3215e+04 1.4204e+04 1.1816e+04 1.2178e+04 1.1693e+04 1.1603e+04

std 414.5204 263.0342 149.0675 188.0484 152.0673 10.8845
f26 adv 1.5745e+04 1.6506e+04 1.5520e+04 1.5395e+04 1.4979e+04 1.5039e+04

std 236.1051 163.3587 551.5178 385.7774 227.2274 199.9157
f27 adv 1.2158e+04 1.4073e+04 1.2992e+04 1.2628e+04 1.2135e+04 1.2019e+04

std 407.8386 308.7395 669.2688 433.1520 535.2649 528.8172
f28 adv 1.3539e+04 1.4240e+04 1.2402e+04 1.2897e+04 1.2398e+04 1.2241e+04

std 260.1482 196.0637 148.9098 276.3332 120.1326 14.7402
f29 adv 1.2665e+06 1.3564e+06 1.1815e+06 1.2558e+06 1.1565e+06 1.1280e+06

std 4.3984e+04 1.3877e+04 2.9316e+04 2.3187e+04 2.0576e+04 7.1568e+03
f30 adv 1.4553e+10 1.5090e+10 1.3376e+10 1.3962e+10 1.3524e+10 1.3143e+10

std 2.1355e+08 1.4257e+08 1.4477e+08 2.1062e+08 1.1721e+08 9.3755e+06
win 19 29 20 28 21

50-dimensional conditions on four problems selected from the CEC2017 test function set.
Fig. 4 illustrates the convergence performance of the algorithm in the 30-dimensional
case, while Fig. 5 shows its performance in the 50-dimensional condition. In the figure,
the convergence curve of GP-ROA is highlighted in red color to evaluate its performance
more clearly. As can be observed from Fig. 4 and Fig. 5, GP-ROA exhibits fast con-
vergence in the initial phase of the iteration and can advance steadily towards the global
optimum. These observations indicate that the algorithm possesses efficient navigation
capabilities in the search space and can reliably converge to the global optimum solution.
In addition, the convergence curves of the other algorithms are also shown in the figure.
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(a) f1 (b) f7 (c) f8

(d) f12 (e) f16 (f) f20

(g) f24 (h) f28 (i) f30

Figure 4. Convergence curves of GP-ROA and comparative algorithms
on 30D CEC2017 benchmark functions.

The comparison provides a comprehensive understanding of the differences in convergence
behavior and relative performance of the algorithms. Overall, the convergence analysis
on the CEC2017 benchmark function set fully demonstrates GP-ROA’s excellent ability
to achieve fast convergence and approximation of the optimal solution. These findings
provide strong support for its application in complex optimization problems.

4.4. Statistical Analysis. In this section, the results of the data provided in the pre-
vious paragraph are statistically analyzed to compare the performance of GP-ROA with
other competing algorithms objectively. The analysis results are shown in Table 7. First,
the Friedman test calculates the average ranking of each algorithm on all test functions.
The p-value of this test is used to measure the reliability of the statistical results, and
the smaller the p-value, the more statistically significant the results are. The p-values
are 1.6339e-14 and 7.3859e-17 for the two dimensions, which are close to zero, so the
statistical results can be considered to have a high degree of reliability. The average
rankings of GP-ROA in the 30D and 50D dimensions are 1.8276 and 1.9310, respectively,
which rank first. These rankings indicate that GP-ROA performs better when solving
unknown problems. This strong performance suggests that GP-ROA has a stronger over-
all capability in solving unknown problems. In addition, the Wilcoxon rank sum test was



Short Running Title 33

(a) f1 (b) f8 (c) f10

(d) f12 (e) f16 (f) f17

(g) f24 (h) f26 (i) f29

Figure 5. Convergence curves of GP-ROA and comparative algorithms
on 50D CEC2017 benchmark functions.

Table 7. Statistical results for each competing algorithm

Algorithm GP-ROA ROA PSO SCA GWO BOA

30D
Friedman

1.8276 2.7241 3.2414 5.6552 3.2069 4.3498
p=1.6339e-14

Wilcoxon(+/=/-) 22/0/7 21/0/8 29/0/0 23/0/6 26/0/3

50D
Friedman

1.9310 2.4138 3.2759 5.8621 3.1034 4.4138
p=7.3859e-17

Wilcoxon(+/=/-) 20/0/9 20/0/9 29/0/0 20/0/9 29/0/0

used with the significance level set at 0.05. The symbols indicate the results: ”+” means
GP-ROA significantly outperforms the competitive algorithms, ”=” indicates no signifi-
cant difference, and ”-” shows that GP-ROA significantly underperforms the competitive
algorithms. Where ”+” means that GP-ROA is considerably better than the competi-
tive algorithm, ”=” means that there is no significant difference between GP-ROA and
the competitive algorithm, and ”-” indicates that GP-ROA is significantly lower than the
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Table 8. Parameter settings for each related algorithm

Dataset Instances Number of
Features

Number of
Categories

Attribute
Types

Breast Cancer
Wisconsin

569 30 2 Real

Abalone 4177 8 3 Real, Integer,
Categorical

Glass Identifica-
tion

214 9 7 Real

Wine 178 13 3 Real, Integer

Raisin 900 7 2 Real, Integer

Ionosphere 351 34 2 Real, Integer

Connectionist
Bench

208 60 2 Real

Image Segmen-
tation

2310 19 7 Real

MAGIC Gamma
Telescope

19020 10 2 Real

Wall-Following
Robot Naviga-
tion Data

5456 24 4 Real

Yeast 1484 8 10 Real

Zoo 101 16 7 Categorical, In-
teger

competitive algorithm. According to the statistical test data in the table, the GP-CSO al-
gorithm improved by GP shows superior performance compared to the original algorithm
in the 30D dimension. It achieves advantages in 22 test functions, further validating the
algorithm’s effectiveness. In addition, GP-ROA performs better on most test functions
than other competing algorithms. GP-ROA also outperforms the original ROA algorithm
on most benchmark functions at 50D.

5. Application of Feature Selection. Due to the presence of a large amount of re-
dundant information in the original data, data processing becomes complex and time-
consuming [27]. Feature selection serves as a crucial preprocessing step to eliminate ir-
relevant features, making the data more compact and informative, thus improving overall
processing efficiency [28].In this study, an improved algorithm, termed BGP-ROA, which
is the binary version of the previously proposed Genetic Programming-based ROA, is ap-
plied to perform feature selection on several benchmark datasets. By adaptively evolving
position update formulas according to the data characteristics, BGP-ROA enhances both
search efficiency and solution diversity.

5.1. Experimental Setup and Dataset Description. This study utilizes twelve bench-
mark datasets from the UCI Machine Learning Repository, covering a range of sample
sizes and feature dimensions to comprehensively evaluate the performance of the proposed
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feature selection algorithm [29]. Feature selection is conducted using a binary represen-
tation, where “1” indicates that a feature is selected and “0” indicates it is discarded.
All algorithms adopt the Sigmoid function [30] to map continuous values into the binary
space, with a threshold of 0.5 used to determine feature selection. This transformation
method is simple and efficient, contributing to improved algorithm stability and conver-
gence speed. Detailed information about the datasets is provided in Table 8.

5.2. Evaluation Algorithms and Parameterization. The efficiency of the proposed
algorithm was evaluated by comparing it with five popular feature selection algorithms:
Binary Particle Swarm Optimization(BPSO) [31, 32], Binary GreyWolf Optimization(BGWO)
[33], Binary Sine cosine algorithm(BSCA) [34], Binary Butterfly Optimization Algo-
rithm(BBOA) [35], and Binary Remora Optimization Algorithm(BROA) [36]. All tests
are run under the same settings, with the population size set to 30 and the maximum
number of iterations to 600. A K-NN classifier is used to evaluate the feature subset
during the optimization process [37]. The experimental parameters were set based on
relevant literature, and K was 5 to ensure the best results [38]. The fitness function com-
bines the classification error rate and the number of features. The classification error rate
is calculated using the leave-out method, where 80% of the data is used for training, and
the remaining 20% is used for evaluation. The experiment was conducted with twenty
independent tests, and the results were averaged to minimize the effect of randomness.
The number of features in each dataset is the problem dimension, and Table 2 lists the
algorithms and their parameters. The formula for the fitness function in this manuscript
is as follows:

fitness = α · error + β
Fs

Fa
(11)

In this research, the variable error denotes the classification error. In addition, α and β
are parameters that determine the feature and classification weights, respectively. α takes
values ranging from 0 to 1, and β can be estimated as (1 − α). Fs denotes the number
of features selected, and Fa denotes the total number of features in the dataset. Since
classifier performance is considered the most important metric in this research, α is 0.99,
and β is 0.01.

5.3. Experimental Results and Analysis. The experimental results show that BGP-
ROA generates formulas for ROA through the tree structure of GP. It achieves high
classification accuracy on several datasets and performs best on some datasets (Table
9). For example, in the Breast Cancer Wisconsin, Wine, and Raisin datasets, BGP-
ROA outperforms other algorithms in accuracy, demonstrating its effectiveness in feature
selection tasks. In addition, on the Abalone datasets, BGP-ROA achieves near-optimal
classification results. These results indicate that the algorithm has a strong adaptive
ability under different data distributions.

Meanwhile, BGP-ROA also performs well in reducing the number of features (Table
10). BGP-ROA selects fewer features in several datasets than most of the compared
algorithms. For example, the Breast Cancer Wisconsin, Glass Identification, and Con-
nectionist Bench datasets significantly reduce the feature dimensions and computational
overhead. In addition, Fig. 6 shows that BGP-ROA also performs better in fitness value,
which can achieve better feature selection results in the optimization process. From a
comprehensive perspective, BGP-ROA optimizes ROA through the GP structure, effec-
tively reducing the number of features while ensuring classification accuracy. It achieves
efficient and accurate feature selection, outperforming other methods.
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Table 9. The result of accuracy value

Dataset BPSO BSCA BGWO BBOA BROA BGP-
ROA

Breast Can-
cer Wiscon-
sin

0.943859 0.937719 0.965789 0.943859 0.949122 0.967982

Abalone 0.562201 0.511423 0.525956 0.526495 0.550358 0.554306

Glass Iden-
tification

0.658139 0.633720 0.729069 0.661627 0.754651 0.761627

Wine 0.829762 0.839285 0.902381 0.841661 0.871428 0.946428

Raisin 0.842500 0.815555 0.861666 0.846944 0.863055 0.864166

Ionosphere 0.905633 0.893661 0.905633 0.898591 0.931690 0.900000

Connectionist
Bench

0.880952 0.765476 0.896428 0.828571 0.911904 0.923809

Image Seg-
mentation

0.800000 0.839285 0.891666 0.834523 0.860714 0.892857

MAGIC
Gamma
Telescope

0.790036 0.795202 0.848606 0.779153 0.839589 0.868375

Wall-
Following
Robot Navi-
gation Data

0.938003 0.888003 0.862821 0.866529 0.912545 0.897985

Yeast 0.593602 0.434680 0.515488 0.457575 0.603030 0.684848

Zoo 0.980952 0.804761 0.923809 0.876190 0.952381 0.985714

(a) (b)

Figure 6. The result of fitness value.



Short Running Title 37

Table 10. The number of selected features

Dataset BPSO BSCA BGWO BBOA BROA BGP-
ROA

Breast Can-
cer Wiscon-
sin

10.65 14.9 11.75 11.55 12.1 9.9

Abalone 6.0 5.2 6.3 6.5 6.1 6.3

Glass Iden-
tification

6.6 4.7 7.1 6.4 5.05 4.25

Wine 5.65 6.6 4.18 5.6 5.95 6.0

Raisin 2.1 2.2 3.1 2.45 2.6 2.0

Ionosphere 9.8 13.55 13.6 10.05 11.95 11.1

Connectionist
Bench

25.45 29.2 27.75 25.75 26.1 25.0

Image Seg-
mentation

5.35 8.3 6.45 5.55 6.75 5.05

MAGIC
Gamma
Telescope

5.0 6.0 6.15 6.8 5.6 5.3

Wall-
Following
Robot Navi-
gation Data

6.8 13.7 14.7 12.5 9.5 10.5

Yeast 7.1 6.3 5.6 7.6 5.7 5.0

Zoo 5.1 9.1 10.8 9.8 6.2 5.3

6. Conclusions. This manuscript proposes a novel approach that leverages Genetic Pro-
gramming(GP) to automatically generate adaptive optimization strategies, applied specif-
ically to the feature selection problem. Traditional feature selection algorithms often rely
on manually designed position update formulas, which are constrained by fixed struc-
tures and heuristic assumptions. This makes it difficult for them to adapt to diverse and
complex optimization scenarios. To address these limitations, this work employs GP to
dynamically evolve the position update formulas, thereby enhancing the adaptability and
generalization capability of the optimization process.

Extensive experiments on multiple UCI datasets demonstrate that the GPgenerated
optimization strategies effectively reduce redundant features while improving classification
accuracy. These strategies outperform conventional evolutionary algorithms and several
mainstream methods. Moreover, the proposed approach achieves better optimization
performance with reduced computational overhead, resulting in increased data processing
efficiency and practical applicability.

Future research directions include: (1) developing adaptive evolution strategies by in-
corporating dynamic parameter tuning mechanisms to better accommodate varying types
and scales of optimization problems; (2) leveraging parallel computing technologies, such
as distributed or cloud-based resources, to accelerate the GP evolution process and scale
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to large optimization tasks; and (3) integrating hybrid optimization frameworks by com-
bining GP with deep learning or reinforcement learning techniques to enhance search
efficiency and avoid local optima. These directions are expected to further improve the
effectiveness and applicability of GP-based feature selection methods in complex real-
world scenarios.
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