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1. Introduction

Automatic Programming (AP) is a subfield of artificial intel-
ligence (Al) and soft computing that attempts to accurately de-
scribe systems. It has been expressed in various definitions over
time. One of these describes AP as the ability to automatically
generate machine code and similarly refers to the creation of
compilers [1]. Another definition was defined by Arthur Samuel
as “telling the machine what to do, not how to do it”. In this
definition, “telling the machine what to do” is now interpreted as
high-level language [2]. In future studies, AP is expected to evolve
over time to higher level programming languages for telling the
machine what to do in human-computer interaction. The theory
and methodology of genetic programming (GP) has increased its
potential for AP as well as for solving various machine learning
problems. Many studies have described GP as an evolutionary
computation-based AP method [3,4]. In addition, inspired by GP
(representation of solutions, operators, etc.), various methods
have been proposed and applied in different engineering fields.
Numerous studies have been published on AP methods that show
relatively better performance than conventional algorithms. As
interest in this area grows, researchers are working to develop
better models because many of the problems have limited infor-
mation, coupled with the fact that the methods rely on random
processes and lead to successful conclusions more quickly. For
this reason, there are always new publications and applications
in the literature related to solving many complex problems in
engineering, economics, medicine, construction and other fields
using AP methods.

The most accurate and safest way to search for solutions to
many problems in different application areas is to try all possibili-
ties. Unfortunately, it takes an unreasonable amount of time to try
all acceptable solutions. In recent years, AP has emerged strongly
as a solution with methods that can generate the best models
by trying many fewer possibilities. As a result, more and more
different methods and AP versions have been presented at presti-
gious conferences and journals in recent years. Despite numerous
review articles on traditional algorithms inspired by AP methods
and their applications, to the best of our knowledge, there is no
survey of the literature on AP and its methods from the past to the
present. In our research, we only came across one review article
on swarm-based AP methods published in 2014 [5]. Therefore,
we decided to prepare a comprehensive review focusing on AP

methods and versions for different problems. Our motivation
is not only to explain the important and special characteristics
of each of AP methods reviewed so that researchers can make
satisfactory choices when solving different problems, but also to
take a look at these methods from an academic perspective. We
also wanted to provide an outlook on where the AP field is going
and what future directions are possible.

Our main motivation is to answer the following research ques-
tions:

e Which AP methods are used for which problem solutions?

e With which conventional algorithms can the performance of
AP methods be compared?

e In what direction will the field of AP develop?

We focus on reviewing the applications of AP methods to a
variety of problems from their appearance to the present. The en-
coding (representation of solutions), inspiration, and operators for
each method are presented in Table 1. The operators of the meth-
ods also differ depending on the encoding. For example, in GP,
since the solutions are represented by parse trees, the crossover
operator can be used, which allows swapping of subtrees; in
GE, since the solutions are represented by linear arrays, the
genotype-phenotype mapping operator can be used. As shown
in Table 1, the characteristics of the methods are grouped by
encoding similarity. It should be noted that the encoding schemes
used in the standard versions of the methods are included in
the table. In the rest of the study, the methods are categorized
according to these groupings.

For our research, we primarily included journals, conferences,
and notable studies that came up in web searches. In reviewing
the studies since the day of introduction, we compiled statistics
on the field, especially considering the AP applications in the last
5 years.

Based on our findings, this study is the first comprehensive
review to address AP. There are many reviews of the GP method
in the literature, but we did not come across studies of the AP
methods. Therefore, we aimed to fill this gap by analyzing AP
and its applications accordingly. We hope that, as a result of this
study, researchers will have a better idea of the main features and
applications of AP methods in their studies.

The remainder of this paper is organized as follows. Section 2
discusses the current AP methods, considering the grouping in Ta-
ble 1. Section 3 mentions recent studies dealing with AP methods.
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Table 1
AP methods grouped by encoding.
Method Encoding Inspiration Operators Publication
GP GA Crossover and mutation [6]
AntP ACO Evaporation process, 7]
Parse tree Reinforcement of the components

AISP AIS Clonal selection principle [8]
ABCP ABC Information sharing mechanism [9]
BBP BBO Migration, mutation [10]
DoME Can be adapted any algorithm Simple expression tree, limit complexity [11]
GE GA BNF and genotype-phenotype mapping [12]
AnP Can be adapted any algorithm GFS, DSH, and SPs [13]
PSOP Linear array PSP Mapping schema [14]
CSP AIS Clone selection principle, [15]

Removal of agents based on their affinity
HP Horse heard Social hierarchy,

Positioning by weighting

The quality of the surrounding areas [16]
FP Gene expression tree GFA GEP schema, crossover, Hamming distance [17]
AFSP AFSO Penalty-based fitness function [18]
EP Follows for the problem EA Mutation [19]
P Stack-based framework AIS Replacement, cloning, Hypermutation [20]
PME Parse matrix with integer entries Can be adapted any algorithm Mapping rules [21]
BIBP Seperable sample set D&C method Block and factor detection [22]

Section 4 presents the overall statistical results of our findings,
including histograms and heatmap of the distributions of AP
methods by problem topics. Section 5 discusses the bottlenecks
that need improvement and their future directions. Finally, we
conclude this paper in Section 6 by summarizing our findings.

2. AP methods

This section presents information on the general characteris-
tics of AP methods grouped in Table 1. With this grouping, the
methods are examined in 4 basic subsections, from the most
commonly used solution representation to the least commonly
used. In the last subsection, 4 different representations are listed
as “Other representations of solutions”. However, since GP is the
pioneer of these methods, this algorithm is explained in more
detail.

2.1. The representation of solutions as parse trees

2.1.1. Genetic Programming (GP)

Cramer applied a tree approach similar to the first modern
application to Markov decision processes, and Koza inspired this
approach and proposed GP for complex optimization and search
problems [6,23]. The standard GP aims to produce the best results
by applying operators such as selection, crossover, and mutation
to the solutions in the population generated in the parse trees.

GP uses hierarchical trees of variable size, similar to the tree
structures in the Lisp programming language. The smallest unit
of trees is called a node. Nodes are selected from the terminal
set (variables and constants such as X, y) and the function set
(arithmetic operators, logical functions, mathematical functions)
defined specifically for problems. Fig. 1 illustrates a commonly
used solution example in the standard GP (parse tree structure).
The mathematical equation of the solution GP in the figure is
expressed in Eq. (1). In these representations, the symbols x; and
X, are used to represent the independent variable and the symbol
f(x1,x2) is used to represent the dependent variable.

sin(x1)

fx1,%) = +x —038 (1)
X2

The flowchart GP is shown in Fig. 2. The first step of the

flowchart is to generate the initial population. The individuals of

the population can be generated using full method, grow method

Fig. 1. GP parse tree solution example.

or ramped half and half method [24]. In the full method, nodes
are randomly selected from the function set until they reach the
maximum tree depth. The nodes at the maximum tree depth
are selected from the terminal set. The grow method allows the
creation of trees of different sizes and shapes. The nodes are
randomly selected from the function and terminal set until they
reach the maximum tree depth. When the maximum tree depth
is reached, only the terminals are selected, as in the full method.
To generate trees of different size and shape and a diverse pop-
ulation, Koza [6] has proposed a method called ramped half and
half as a combination of these two methods. In this method, half
of the initial population is full method generated and the other
half is generated using the grow method.

The work of natural selection, crossover, and mutation in
Genetic Algorithm (GA) is adapted to the GP to improve existing
solutions and search for new ones. The natural selection oper-
ator evaluates the fitness of each individual in the population
for the problem. In all cases, the suitability of the individual is
determined by performing a predetermined fitness function and
analyzing the entire tree [15]. The operator selects the chro-
mosomes to be transferred to the next generation by using a
selection strategy after evaluating the individuals [25]. The op-
erator aims to obtain better individuals for future generations by
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Fig. 2. GP flowchart.

selecting individuals with high fitness values. There are several
selection operators in the literature with different approaches
to evaluating selection probability [26]. The preferred selection
methods, tournament selection and roulette selection operators,
are shown in Fig. 3.

The crossover operator is a genetic processing operator that
provides new solutions by exchanging information between indi-
viduals and increasing diversity in the population. The individuals
selected by the tournament and roulette wheel are parental can-
didates. Fig. 4 shows how the crossover operator works. The
mutation operator provides diversity to the population after the
selection and crossover operators are used. Mutation attempts to
prevent the similarity of individuals that results in individuals not
searching the entire solution space by attaching to the local max-
imum/minimum in the search space. It also allows finding new,
unseen and unexplored solutions [27]. The two most commonly
used mutation operators are subtree and single node.

In sub-tree mutation, an individual and a random node are
selected and the new randomly generated sub-tree is replaced by
that node. The randomly selected node can be from the function
or terminal set. In single node mutation, a randomly selected
node from the terminal set is replaced by a node from the termi-
nal set. If the node is from the function set, it is replaced by the
node from the function set. These mutation operators are shown
in Fig. 5. The best solutions of the generation are transferred to
the current generation in elitism. The program terminates when
the given termination criteria (such as the specific fitness value
of the solutions, the number of iterations) are met.

2.1.2. Ant Programming (AntP)
Roux and Fonlupt proposed AntP as the first swarm-based AP
method [7]. It follows Ant Colony Optimization (ACO) and GP, in

Applied Soft Computing 143 (2023) 110427

optimizing the shortest distance between ant colony nests and
food sources.

As with GP, AntP first generates trees using the ramped half
and half method. The method uses the ACO to search for trees.
Each node in the trees has a table that stores the pheromone ratio
of the different possible elements. A representative tree example
in AP is shown in Fig. 6. Initially, the pheromone table is assigned
a value of 0.5 to ensure that the probability of selecting either
the function or the terminal is equal. The higher this value, the
greater the probability that the function will be selected. The
pheromone table is updated for each element as the pheromone
ratio decreases with the evaporation process or as the elements
become stronger depending on the suitability of the trees. The
flowchart of the standard AntP is shown in Fig. 7.

The most commonly used versions of AntP in the literature are
listed below:

e Parallel AntP [28]: It introduces genetic operators to improve
trees to prevent premature convergence.

e AntP and its versions [29,30]: They are based on the classical
ant colony algorithm for solving symbolic regression (SR)
problems. These algorithms generate the tree structure in
the form of a graph.

e Grid Ant Colony Programming (GACP) [31]: It generates grid-
like solutions instead of graphs. In this algorithm, the nodes
visited by the ants can be stored. Thus, the amount of
pheromone released by a particular ant on different visits
to the same node can be adjusted.

e Grammar-based AntP versions: Ant Tree Adjunct Grammar
(AntTAG) [32], Generalized Ant Programming (GAP) [33],
grammar-based AntP (GBAP) [34]. These algorithms gener-
ate programs by combining different algorithms with ACO.

e Cartesian Ant Programming (CAP) [35]: It represents pro-
grams as a graph addressed in the Cartesian coordinate
system.

e Dynamic Ant Programming (DAP) [36]: It uses dynamically
changing pheromone table.

2.1.3. Artificial Immune System Programming (AISP)

From the past to the present, there are many AP methods
inspired by the immune system. Artificial Immune System Pro-
gramming (AISP) proposed by Johnson for the SR problem [8].
The algorithm is inspired by systems in which organisms can
learn to identify and distinguish antigens and harmful cells. The
other method is the immune version of GP with a dynamic fitness
function implemented by an immune network [37]. Inductive
genetic programming (IGP) has achieved more successful results
on many machine learning problems than the standard method
GP.

2.1.4. Artificial Bee Colony Programming (ABCP)

ABCP is an AP method developed by Karaboga et al. and in-
spired by the foraging behavior of honeybees [9]. The position of
a food source in the algorithm, a possible solution to the problem;
the amount of nectar of the food source relates to the quality
of the solution. Similar to GP, each solution is represented by
parse trees. Moreover, the information sharing mechanism for
improving the solutions was developed following the crossover
operator (Fig. 4) in GP. The flowchart of the ABCP algorithm is
shown in Fig. 8.

In the algorithm, there are bees with three different tasks in
the colony: employed bees, onlooker bees, and scout bees. In the
initial phase, all bees in the colony are in scout status. Random
solutions are generated for each scout bee. Employed bees try to
find a better food source in their memory by using another food
source through an information sharing mechanism. Employed
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Fig. 3. Natural selection operators.
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" 2x+ (cos(x)+3)

Fig. 4. Crossover operator.

bees share information about the quality of their food sources
with onlooker bees. The onlooker bees choose a different food
source depending on the quality of employed bees’ food source
and try to improve the chosen source as in the employed bees
phase. A parameter called limit controls the exhaustion of the
food sources. The number of improvement attempts is recorded
for each source, and in each iteration it is checked if the number
of attempts exceeds the value of the [imit parameter. If it does,
the food source is considered exhausted and is abandoned. The
assigned bee of this source becomes a scout bee and continues
working with a new, randomly generated source.

2.1.5. Biogeography-Based Programming (BBP)

Biogeography is a subdiscipline of physical geography that
studies the distribution of plant and animal species and the
causes of that distribution. BBP is a method inspired by the
science of biogeography. In the algorithm, a habitat corresponds
to a solution, and a habitat with a Habitat Suitability Index (HSI) is
called a good habitat that tends to host a large number of species.
BBP aims to randomly generate habitats in the initial population
and improve them with migration and mutation operators. The
migration operator is the same as the crossover in GP (Fig. 4).
The mutation operator is the same as the subtree mutation in GP
(Fig. 5). To generate new habitats, it tries to select habitats with
high HSI values. The details of the algorithm can be found in [10].

2.1.6. Deterministic Technique for Equation Development (DoME)
To best our knowledge, this is the last AP method found in

the literature. DoME uses tree structure solutions like GP, but can

compute the error directly from the output of a node [11]. Thus,

the target model is created by computing the best constant for
the node and the error of the node output. Another difference
with GP is that the trees proposed by the method can generate a
suitable model without using a protected function.

2.2. The representation of solutions as linear arrays

2.2.1. Grammatical Evolution (GE)

GE is a method that can generate grammatical programs inde-
pendently of the target programming language. The main point
that distinguishes GE from other methods is the mapping of geno-
type to phenotype. Genotypes are randomly generated sequences
of integers, each of which is called a codon. The phenotype is a
running program generated by this mapping process. A Backus
Naur Form (BNF) grammar is used for mapping. It contains four
basic structures: non-terminals, terminals, start generation, and
rules for each production of non-terminals. Genotype refinement
is performed using genetic operators. As with other methods, the
fitness value of the phenotype is evaluated depending on the
objective function. During the algorithm process, the codons of
the individuals are iteratively changed depending on the rules.
Details of the algorithm can be found in [12].

2.2.2. Analytic Programming (AnP)

AnP was first proposed by Zelinka [13] for SR problems, but
has since been successfully applied to many engineering prob-
lems [38-43]. AnP is a very powerful method, as it can be used
with any arbitrary-based algorithm on individual representation.

AnP can create nonlinear mathematical expressions with sim-
ple mathematical elements. These elements can be mathematical
operators, functions, variables, or constants and are contained
in the General Functional Set (GFS). In AnP, a set of indices is
first assigned to the inputs. Then the mathematical expression
(output) is obtained from the elements referenced by the indices.
This process of AnP is shown in Fig. 9.

Other core functionality of AP besides GFS are Discrete Set
Handling (DSH) and Security Procedures (SPs). DSH is used to map
the output programs of individuals. SPs are applied to the cost
function to avoid critical situations such as an infinite loop in the
mapping process. Detailed information about AnP can be found
in [38,44].

2.2.3. Particle Swarm Optimization Programming (PSOP)

O’Neill and Brabazon named the first AP method based on Par-
ticle Swarm Programming (PSO), Grammatical Swarm (GS) [14].
GS can map candidate solutions to programs by using a grammar,
as in GE. PSOP, another PSO-based method, treats solutions as
expression trees and attempts to improve solutions using the
crossover mutation-based discrete particle swarm algorithm [45].
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2.2.4. Clone Selection Programming (CSP)

Clone Selection Programming (CSP), which develops the prin-
ciple of clone selection as a search strategy and encoding schema
[15]. In their experiments, they showed that the performance of
the method is superior to IP and Gen Expression Programming
(GEP).

It is randomly generated as the initial population in the initial
phase of the CSP algorithm. In the algorithm, each antibody rep-
resents a candidate solution. Antibodies are fixed length strings
of one or more genes. It consists of two basic components: Anti-
body coding and expression trees. The symbols of the antibodies
have a one-to-one relationship with the programs they represent.
Translation refers to the process of decoding information from the
antibody encoding expression tree. The arrangement of functions
and terminals in these programs is determined by the rules. The
translation of an algebraic expression from a string array to an
expression tree is shown in Fig. 10. Q is the square-root function,
E is the exponential function, and S is the sinusoidal function. Im-
proving antibodies and ensuring diversity are achieved by cloning
and hypermutation operators. The quality of antibodies is based
on their affinity value. Therefore, antibodies with high affinity
values are selected for these operators to produce better anti-
bodies. The algorithm continues until the stopping criteria are
met.

2.2.5. Herd Programming (HP)

Swarm intelligence-based algorithms aim to find the global
max, inspired by the collective behavior of individuals in a herd.
However, these algorithms were mainly inspired by the natural
foraging and hunting behavior of fish, birds, and insect swarms.
Moreover, all individuals in the swarm exhibit stochastic behavior

due to their neighborhood perception [46]. Individuals can inter-
act locally with different behaviors, such as dancing (bees dance
to share nectar information about the food source), chemicals
(pheromones in ants), and transmission abilities (movement to
benefit the population).

HP is also called Grammatical Herding (GH), the first AP
method based on the movements and social hierarchy of horse
herds [5,16]. The algorithm uses an encoding scheme like GE and
tries to match the proposed solutions with surrounding domains
known to produce high quality solutions.

2.3. The representation of solutions as gen expression trees

2.3.1. Firefly Programming (FP)

In the literature, there are two AP methods inspired by Firefly
Algorithm (FA). The first of these is the geometric firefly algorithm
(GFA), which expresses solutions as gen expression programming
(GEP) schemes [17]. The algorithm uses the crossover operator
with multiparent recombination. It is also measured by the dis-
tance between candidates and the Hamming distance. The other
method proposed by Aliwi et al. is FP for solving SR problems [47].
In addition to FA, the authors developed the solutions using
the sharing operation mechanism, which they adopted from the
crossover operator in GP.

2.3.2. Artificial Fish Swarm Programming (AFSP)

AFSP was developed to solve the SR problem, inspired by
the foraging, hunting and breeding behavior of fish [18]. Each
artificial fish is encoded as a GEP scheme. In addition, the authors
proposed a new penalty-based fitness function.
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2.4. Other representations of solutions

2.4.1. Evolutionary Programming (EP)

Evolution is an optimization technique that can be used to
solve various engineering problems and is inspired by many
scientific methods. Fogel summarizes Evolutionary Computation
(EC) into three main areas: (1) GA, (2) Evolutionary Strategies
(ES), and (3) EP [48]. EP aims only to improve solutions in the
population using the mutation operator [19]. Therefore, it can be
called a version of the generation and testing method. It can be
used with many different algorithms, such as Simulated Anneal-
ing (SA), Tabu Search (TS), Differential Evolution (DE), and PSO.
The main drawback of the standard EP is its slow convergence to
the optimum [49].

The algorithm of EP proceeds in the following order:

1. The initial population is randomly generated.
2. The fitness value of each individual is calculated using the
objective function.
3. The candidate individual is generated using the mutation
operator.
. The fitness value of each candidate is calculated.
. Greedy selection is used to decide which solutions are
passed to the next generation.
6. Stop if termination criterion(s) are met, otherwise proceed
to Step 3.

[N

2.4.2. Immune Programming (IP)

Immune Programming (IP), which aims to improve programs
by using cloning and hypermutation together [20]. In the algo-
rithm, an antibody is used to identify candidate solutions. Similar
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to gene libraries in immune systems, each antibody has an array
that is a set of stack-based assembly instructions.

2.4.3. Parse Matrix Evolution (PME)

PME can be implemented in any programming language, as in
AnP [21]. Since the algorithm expresses the solutions as piecewise
matrices with integer inputs, it does not require any additional
functions related to the fragmentation process. Mapping tables
are used to transform solutions into regression models.

2.4.4. Block Building Programming (BIBP)

BIBP [22] and its improved version Multilevel Block Building
(MBB) [50] decompose target models into minimal factors con-
taining one or two variables. These decomposed blocks are to be
combined according to the target model. Variables are divided
into two classes: repeated and non-repeated.

3. Literature review

For this review, preliminary research was first conducted us-
ing the Google Scholar search engine to determine the research
questions. Then, these questions were used to identify keywords
and search terms/strings related to AP field. Elsevier, Springer,
IEEExplore, Web of Science, Scopus, and Google Scholar scien-
tific databases, which contain a variety of the most crucial and
highest-impact journals and conference proceedings, were se-
lected for an advanced search using the questions. Title, ab-
stract, and keywords were used as a search scheme to perform
a systematic search of each scientific database. Relevant jour-
nal papers, conference proceedings, book chapters, and technical
reports published in databases were collected. In addition, publi-
cations proposing AP methods were also included in the review
to briefly introduce the methods.

The keywords and search terms/strings used to search
databases for AP are listed below:

e “analytic programming”

e “ant programming” or “ant colony programming”

e “applications” or “utilization or implementation or prac-

tices”

“artificial bee colony programming”

“automatic programming”

“data mining” or “data analysis”

“evolutionary computation” or “evolutionary computing”

“evolutionary programming”

“feature selection” or “feature extraction”

“genetic programming” or “genetic algorithm”

“grammar evolution” or “grammatical evolution”

“optimization methods” or “optimization techniques” or

“optimization”

e “swarm intelligence” or “swarm programming” or “swarm
optimization” or “herd programming”

e “symbolic regression” or “regression”

After completing the database search, we assessed the col-
lected studies and decided which of them should be included
or excluded from the systematic literature of the review. In se-
lecting studies related to AP field and answering the research
questions, we excluded review articles, book chapters, and other
publications that were unrelated to the field.

Algorithms for analyzing application trends and comparing
methods as a function of application are important to researchers.
In evaluating all reviewed publications, we examined the prob-
lems to which AP methods were applied under 7 main problem
topics. These are: symbolic regression, classification, prediction,
feature selection, image processing, job scheduling, and com-
plex problems not included. We have grouped the work of the
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methods in these topics according to how the solutions are pre-
sented in Table 1. We have also summarized which benchmark
algorithms are most commonly used for which types of encoding.

3.1. Studies of methods whose encoding schemes are parse trees

3.1.1. Studies using genetic programming

Symbolic regression aims to build a mathematical model of
the relationships between independent variables and dependent
variables by using symbolic expressions [9]. AP methods are used
in SR problems because they can formulate these relationships
with the solutions they generate without a preliminary model.

GP and its versions have proven themselves in many SR
problems. These versions include hybrid grammar-based GP [51],
which combines grammar-based GP (GGP) and ES, and multi-
factorial GP (MFGP) [52], which aims to optimize multiple tasks
simultaneously, can be cited as examples. Many studies aimed at
improving the generalization ability in solving SR problems [53,
54]. In addition, various applications such as fault diagnosis [55],
soccer game attendance prediction [56] have been solved as SR
problems. Structural approaches [53,54,57] and semantic-based
approaches [53,58] have also been proposed to successfully solve
such problems
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After a predictive algorithm is trained on a dataset, it generates
the predictor or model based on the results of that data in the
presence of unseen data [59]. Unlike classification, there is no
class label for the predictor, so unseen data can be fitted to
problems such as regression-fitted time series.

AP methods are used as predictors in engineering problems
in many different fields. GP and its versions have been used
for prediction in various fields such as earthquakes [60], lion
battery life [61], heat transfer coefficient [62], stream flow [63],
breast cancer [64], backbreak in open-pit blasting [65]. The most
commonly used GP version in prediction problems is multi-gene
GP (MGGP) [64,66,67]. GP is mostly compared to adaptive neuro-
fuzzy inference system (ANFIS) [62,68], except for conventional
algorithms in such problems.

Classification determines to which data class new observa-
tions belong based on a training dataset that contains the ob-
servations and whose category is known [69]. GP and its ver-
sions (genetic texture signature (GTS) [70], stacking-GP [71]) are
used for texture classification [70], document classification [72],
stacked generalization [71], and exploiting semantic effects of
subtrees [73]. In addition, Majeed al. improved the performance
of GP, by proposing the impact-aware crossover operator [73].

Feature selection is another method of data analysis that aims
to reduce computational complexity by identifying the required
or relevant features for the model [74]. With successful fea-
ture selection, predictive performance and generalization ability
can be improved. An attempt to identify significant/relevant fea-
tures for high-dimensional test datasets was made using GP [75-
77]. However, it has been adapted to feature selection prob-
lems in many different domains, e.g., microprocessor design [78],
Alzheimer’s diagnosis [79]. Ma and Gao have proposed two dif-
ferent multi-objective versions GP (genetic programming multi
Objective (GPMO) and feature selection genetic programming
multi objective (FSGPMO)) for these problems [77].

Job scheduling is about prioritizing jobs so that companies can
use their available resources more efficiently [80]. GP has been
used in extracting rules specifically for scheduling problems [81,
82].

Various techniques such as digital imaging, object tracking/
diagnosis, rotation, classification, restoration are used in many

different fields such as biology, geology, meteorology. Classifica-
tion [83-85], restoration [86], recognition [87] were performed
on digital images using GP. It should be noted that GP has been
compared with convolutional neural network (CNN) in many
studies [83-85,87]. In addition to the test datasets, the studies
also used [83,84,86] face datasets [85,87].

All applications not included in other problem topics were
considered “complex problems”. Although GP is the first pro-
posed method in AP methods, it is still up-to-date and usable
with different versions. For this reason, it is still used to solve
many real-world problems in different areas and to compare
with newly proposed AP methods. Burned area estimation [88],
quality development of pharmaceutical mini-tablets [89], design
of hash functions for ipv6 [90] are some of these problems. GP
also hybridizes with various algorithms such as genetic program-
ming and reinforcement learning (GPRL) [91], fuzzy inference
system strong typed GP (FISTGP) [92], model selection criteria
approximated GP (MSC-GP) [93], program synthesis via model
finder 2 (PSMF2) [94]. There are also several studies to im-
prove the performance of GP, such as avoiding overfitting by
reducing complexity [95], measuring genotypic and phenotypic
convergence [96], estimating sampling error based on population
size [97].

3.1.2. Studies using ant programming

AntP [7], generalized AntP (GAP) [33], ant colony programming
(ACP) [98] methods were developed using GP and ACO. Among
the other AntP-based versions, the most commonly used are dy-
namic AntP-DAP [36,99], Enhanced generalized AntP EGAP [100,
101], grammar-based AntP-GBAP [34,102], cartesian AntP-CAP
[35]. There are also parallel versions of AntP [28,103] and multi
objective versions [ 103,104]. One of the benchmarking algorithms
in all studies with GBAP is Ant-Miner [34,102,105].

When AntP studies have been investigated, it has mostly been
used for optimal control of fuzzy systems [104,106-108], solv-
ing differential equations [109,110], for developing node release
mechanisms [111,112]. Santa Fe ant trail and multiplexer prob-
lems are also solved using different versions of AntP [100,101].
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Table 2
Literature review of methods whose encoding schemes are parse trees.
Primary Method Problem topic Publications
Hybrid GGP, ADGSGP, SRM-Driven GP, GP, MGGP, SLP-CHC, SBGP, MFGP Symbolic regression  [51-58,125]
EP-GPBoost, MGGP, NARX, GP, Prediction [60-68,126,127]
DNN, GP-SR, MSGP, MGGP Classification [70-72]
GP-based GP, MOGP, PMO, FSGPMO Feature selection [75-79]
MGP, GP Job scheduling [81,82,128,129]
GP-FER, ConvGP, GPRM, MOGP, GP-SD, GP-PD, GP-SN, GP-PN Image processing [83-87]
GPRL, GP, MSC-GP, NSGA-II, PSMF2, MOGP, STGP, CGP, softGP, Nested, Hybrid = Complex problems [73,88-97,130]
ACP, GBAP, DAP, CAP, AntP AC-CGP, ACOP, ACP, GBAP-RARM, MOGBAP-RARM  Symbolic regression  [7,34-36,98,99,101,102,110-112,131-135]
AntP-based GBAP, MOGBAP, APIC, GPU-MOGBAP Classification [104,105,136]
GAP, ACP, EGAP, Parallel AntP Complex problems [29,33,100,104,107,108,136]
ABCP, Scaled ABCP, ABCPWeb, MHABCP qABCP, sABCP, qsABCP, ABCEP Symbolic regression  [4,9,74,118-120]
ABCP-based  ABCP Feature selection [113,114]
ABCP, shABCP, ABCP-descriptor Complex problems [3,69,115-117]
BBP-based BBP, Linear BBP, Constrained BBP Prediction [59,121-124]

3.1.3. Studies using artificial bee colony programming

The standard version of ABCP was used to solve various prob-
lems, such as feature selection [113,114], classification [115],
artificial ant problem [116], image processing [69], definition
of intensity-duration-frequency relationship [117]. At the same
time, the cloud-based web application ABCPWeb was also devel-
oped [118]. The application aims to solve various problems with
ABCP without having any programming knowledge.

ABCP has major shortcomings such as convergence rate and
high localization [4,119]. Attempts have been made to address
these shortcomings by modifying the parse tree structure of ABCP
or adding new operators. One of the settings in the tree structure
is proposed as Scaled ABCP. In this method, bias and scaling
factors are added to the trees [120]. Another setting is proposed
as multi-hive ABCP (MHABCP) [74]. In the studies, the maximum
tree depth of the standard ABCP is 15 [4,9,119]. In MHBCP, this
parameter is chosen lower, e.g., 4 or 5. A solution is not repre-
sented by a single tree, but by a linear combination of several
trees with low depth. Thus, the trees grow horizontally and not
vertically. In artificial bee colony expression programming (AB-
CEP), solutions are expressed as linear string arrays consisting of
heads and tails [4]. By computing the distance between the trees
using qABCP, the algorithm tries to optimize the quality of the
best neighbor solution [119]. Moreover, in this study, a semantic
operator was adapted to ABCP for the first time. In another study,
the convergence rate was improved by periodically decreasing
the colony size of ABCP [3]. Almost all studies using ABCP were
compared with GP-based methods.

3.1.4. Studies using biogeography-based programming

BBP and its versions have been used in civil engineering to
solve prediction problems in various subfields [59,121-124]. BBP
is most compared to ABCP [10,122], artificial neural network
(ANN) [59,121,123], and GP [10,123].

3.1.5. Studies using deterministic technique for equation develop-
ment

Since DoME [11] is a new algorithm from 2022, to the best of
our knowledge, there is no study yet that solves problems other
than SR or proposes its version. The literature review of methods
whose encoding schemes are parse trees is shown in Table 2.
Except for the SR problem, AISP [8] and DoME [11], which have
not yet been adapted to problems, are not included in this table.

3.2, Studies of methods whose encoding schemes are linear arrays
3.2.1. Studies using grammatical evolution

With its numerous versions, GE has solved both complex
world problems and SR problems. SR with attribute GE [137] and
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christiansen GE (CGE) [138], pseudorandom number generator
design with shared GE (SGE) [139], maximizing symmetry of
building facades with split GE (SpGE) [140] problems solved.
Unlike other AP methods, GE [141] is used to generate automatic
composition of musical melodies. In another study, GE automati-
cally generated basic plagiarism techniques from students [142].
These studies also show that AP methods can solve complex
problems in many different domains.

3.2.2. Studies using analytic programming

In the literature review, most studies have solved SR prob-
lems with AnP. There are also 2 important versions called vari-
ational AnP (VAP) [143] and binary AnP (BAP) [43]. AnP has been
compared or used in 11 studies self-organizing migration algo-
rithms (SOMA) [38-42,144-149], 11 studies Differential Evolution
(DE) [38-41,144-146,148,150-152], 4 studies genetic algorithm
(GA) [38,143,153,154]. Therefore, although the scope of the stud-
ies varies, it should be noted that they are generally successful
against algorithms that have been previously compared, such
as SOMA. Santa fe trail (SFT), one of the artificial ant prob-
lems [39,40,145] and time series prediction [151,152] are among
the problems studied with AnP.

3.2.3. Studies using other methods that use linear arrays

Apart from the studies proposing PSOP [45], CSP [15], HP [16]
methods, no other problem has been solved by these methods.
The literature review of other methods whose encoding schemes
are linear arrays (GE [12] and AnP [13]) is presented in Table 3.

3.3. Studies of methods whose encoding schemes are gen expression
trees

Two methods (AFSP and FP) that encode their solutions as
gene expression trees in their standard versions are listed in
Table 1. As mentioned earlier, AFSP [18] models the movement,
prey, pursuit, and avoidance behaviors of fish flocks using the GEP
scheme. GFA, the first proposed method [17] of two FA-based AP
methods, represents solutions with gene expression trees. FP [47],
the other method, represents solutions as parse trees. Neither
method has any application other than the SR problem. Due to the
lack of studies, a summary table on these methods is not given.

3.4. Studies of methods whose encoding schemes are other schemes

3.4.1. Studies using evolutionary programming

Using EP, various problems such as the unit commitment
problem [160], robotic path planning [161], scheduling prob-
lems [162] have been solved. Several studies have used fast
immunized EP (FI-EP) [163] inspired by immune system and
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Table 3
Literature review of methods whose encoding schemes are linear arrays.
Primary Method Problem topic Publications
GE-based Attribute GE, CGE, Semantic filter, Dynamic, Depth-aware dynamic Symbolic regression [137,138,155]
GE, SGE, Split GE Complex problems [139-142,156-159]
AnP, VAP, BAP Symbolic regression [38-43,143-149,152-154]
AnP-based AnP Complex problems [150,151]
Table 4
Literature review of methods whose encoding schemes are other schemes.
Primary Method Problem topic Publications
FI-EP, MCEP, ABC-EP Symbolic regression [161,163,164]
EP-based MOEP Job scheduling [162]
EP Complex problems [160,173-175]
IP-based ISP Image processing [168]
Chaos IP, ILNEP, IP, MIIGA, MOCMIEP, RankIP Complex problems [165-167,170,176]
PME, EBR Symbolic regression [21,171]
PME-based PME Complex problems [172]
BIBP-based MBB Symbolic regression [50]

artificial bee colony-evolutionary programming (ABC-EP) [161]
inspired by ABC to improve the performance of EP. Many stud-
ies have compared EP with metaheuristics such as ABC, GA,
PSO [161,162,164]. There is also a multi-objective version of EP,
multi-objective evolutionary programming (MOEP) [162] in the
literature.

3.4.2. Studies using immune programming

Similarly, AP methods inspired by immune system mecha-
nisms have solved SR problems [8,20,37]. IP-inspired rank IP
is used in web search [165], chaos IP in clustering [166], im-
mune log-normal evolutionary programming (ILNEP) in distri-
bution problems [167], immune system programming (ISP) in
medical image segmentation [ 168]. There are also multi-objective
versions of IP based on GA [169] and EP [170].

3.4.3. Studies using parse matrix evolution and block building pro-
gramming

Methods using PME apply to SR [21,171] and invariant detec-
tion [172]. Although BIBP [22] is a newer algorithm compared to
other methods, its improved version using the same mathemat-
ical method is available in Multilevel Block Building (MBB) [50].
However, these methods have not yet been applied to real-world
problems. Literature review of methods whose encoding schemes
are other schemes is given Table 4.

3.5. Analysis of benchmark algorithms according to encoding schem-
es

In this subsection, the algorithms are numerically evaluated
in comparison with AP methods in studies according to encoding
schemes. The number of times which algorithm is used for com-
parison is given in Table 5. The total value of the counting column
differs from the number of publications discussed in this review.
There are two reasons for this. The first reason is that algorithms
that were used only once for comparison are not included in
the table. The second reason is that one or more algorithms are
compared in one study.

When the publications in the review were grouped according
to Table 1; there were 99 papers with methods whose encoding
schemes are parse trees, 32 papers with methods whose encoding
schemes are linear arrays, 3 papers with methods whose en-
coding schemes are gene expression trees, and 21 papers with
methods whose encoding schemes are other encoding schemes
in the standard version. The number of comparison algorithms is
higher than the other groupings, which is due to the abundance of
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Table 5
Benchmark algorithms according to encoding schemes.

Encoding Benchmark algorithm

ABCP
ANFIS
ANN
Ant-Miner
CAP
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Conventional CAP
GP
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KNN
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studies with parse trees. In addition, it can be seen from Table 5
that, GP, which maintains its modernity among all methods, is the
most commonly used comparison algorithm. Although compari-
son algorithms such as DE (11), SOMA (11), SA (5) are compared
with the methods that use linear array encoding schemes, these
algorithms were not used in other groupings. In addition to ANN,
CNN, a newly developed deep learning algorithm, was also used
in comparisons for methods whose encoding schemes are parse
trees.

4. Current metrics of automatic programming

Now that we have reviewed all the research papers that deal
specifically with the methods and applications of AP, we can
present some general statistics on the current state of the field.
The number of papers we have included in our review is 155.
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We analyzed the studies according to important criteria such as
the year of publication, the application domain, the benchmark
algorithms they were compared to, and the application goals. We
will now summarize our remarkable observations to present the
main highlights at AP.

Fig. 11 shows the various problems that researchers have
solved using the AP methods. As expected, SR problems are most
often solved using methods. The fact that these problems have
been studied extensively is due to the nature of AP methods.
However, other types of problems seem to be less explored, and it
is seen as an opportunity to work in these areas. Other important
topics in the engineering applications are complex problems and
prediction. Optimal control of systems, disease detection, esti-
mation, solution of differential equations, and design problems
can be cited as examples of complex engineering problems. As
for problem topics, the most interesting area in recent years has
been SR. Our review collected 69 papers on SR, 43 on complex
problems, and 18 on prediction. These studies account for more
than 80% of all studies and have the most research areas. In ad-
dition, there are 7 papers each on classification, feature selection,
and image processing problems, and 4 papers on job scheduling
problems. All papers in these topics were published in the last
5 years.

Fig. 12 provides more details on the selection of AP methods
for the various problem topics. As can be seen in Fig. 12, symbolic
regression and complex problems were solved using the majority
of AP methods. In addition, it can be seen that GP is used for all
other problem topics. Except for complex and symbolic regression
problems, AntP was mainly used for classification problems and
not for other problems. It can be seen that ABCP is not used
in classification, job scheduling and prediction problems, but it
can be assumed that it can be applied to these problem topics
due to its structural similarity with GP. From the map, it can
be interpreted that AnP has been studied a lot in SR problems,
but hardly in other problems. Therefore, applying AnP to these
problems and comparing it with other algorithms can be recom-
mended in future studies to fill the gap in this area. Compared to
other methods, the newly developed BBP mainly solves predic-
tion problems and has the least number of publications among
all methods. For this reason, BBP is expected to contribute to the
literature by applying it to other problems. In the context of the
discussed problems, it can be seen that the methods GE, IP and
EP are similarly applied to complex problems with SR and their
applications to other problems are almost nonexistent.

Fig. 13 shows the distribution of methods used in the studies
collected over the last 5 years. From the figure, it can be seen
that most of the studies were performed on GP, with ABCP in
second place. As shown in the figure, GP is the most active
among all methods still in use. In recent years, more studies have
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been conducted with ABCP than with any other of the proposed
methods. There are studies on MBB and DOME, proposed in the
last 5 years, in which only methods are presented. For this reason,
it can be said that there is a lack of study related to the methods.

5. Discussion and open issues
5.1. Open issues and future work

From the beginning of AP, it has increasingly attracted the
attention of Al researchers, and there are several methods that
attempt to solve many problems. GP is steadily growing among
AP methods as it inspires researchers to develop new algorithms.
It also presents methods that are superior to GP in many areas,
such as solution quality and convergence speed. Although each
method attempts to be developed using different methodologies,
the representation of individuals is similar in issues such as
improvement operators. Therefore, O'Neil and Spector stated that
there are several obstacles to the successful implementation of
their AP method [177]. If we wish to summarize these obstacles,
we arrive at the following basic headings:

e Development of robust methods: In developing the methodol-
ogy of AP methods, researchers should answer the following
questions:

- How are the individuals represented? In tree form,
grammar-based, matrix-based, etc. With different rep-
resentations of individuals, the methods may perform
differently depending on the application and the prob-
lem. The performance of grammar-based and matrix-
based solutions can be compared to tree-based solu-
tions. In the case of tree-form structures, it should
be checked whether the tree can generate a defined
mathematical equation. For example, if an expression
in one part of the tree attempts to divide by zero, then
the equation generated from the tree is undefined. In
such cases, the researcher can express functions such
as division and logarithm functions as protected func-
tions. This means that in case the value to be processed
returns an undefined value (for example, if the divisor
value is zero), it will be returned as another number,
otherwise a normal division will be performed [115].
In addition, in some cases there may be structures in
the calculation of the numeric value expressed by the
subtrees that may cause problems in the calculation
of the numeric values expressed by the subtrees. For
example, the value determined in a subtree may be so
large that it exceeds the maximum value of the data
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type used in coding the algorithm. Koza explained that
in such cases, operations can be continued by assigning
a suitable value to the subtree [6].

In AP solutions are usually generated by selecting from
the terminal set and the function set. In the terminal
set are constants and dependent variables such as X, y.
The function set includes arithmetic, trigonometric and
logical functions, conditional expressions and loops, in-
cluding recursive structures. The iterative use of these
functions in the algorithm and the fact that their use
is open to evolutionary mechanisms leads to programs
that cannot be stopped [177]. The halting problem is
another important problem that researchers are trying
to solve and is open for development.

What could be the main source of inspiration? Depend-
ing on the source of inspiration, one can determine
which steps of the algorithm are developed that are
similar to the steps of the algorithm. However, al-
though the steps are similar, some of the equations and
solution steps used in the algorithm may not be used
depending on the representation of the individuals. For
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example, the equations used in the ABC algorithm for
solution generation and improvement are not used in
ABCP. As mentioned in Section 2.1.4, the solutions in
ABCP are generated in the form of parse trees, and their
improvement is done through the information-sharing
mechanism.

Which  operators/mechanisms will be used?
Researchers can either adapt the operators of the
known methods or develop their own operators for the
new method they want to develop without affecting
the basic operations of the algorithm they are inspired
by.

What is the success of the developed method according
to different performance criteria? It should be com-
pared whether the method achieves the optimal value
for different comparison problems and what is the
convergence rate. The presented methods are often
compared with the standard version of the method
and/or the standard GP, if available. In addition, the
Big O(n) notation of the presented algorithm should be
calculated.



S. Arslan and C. Ozturk

Considering the above, it is quite difficult to develop a
robust AP method that can handle the various possibili-
ties that occur during execution. According to our study,
many swarm intelligence algorithms do not have adapta-
tion as AP method. Therefore, developing such adaptations
could be interesting for researchers in new studies. How-
ever, combining the strengths of AP methods and propos-
ing hybrid methods could provide promising performance
improvements for various applications.

Determining the Al ratio: Koza defined the ratio between
the intelligence provided by the automatic operation of a
developed method and the intelligence provided by the
human using the method as the Al ratio [ 178]. The Al ratio is
specific to each problem. He tried to determine the Al ratio
of GP for different problems by qualitatively evaluating the
quantities “A” and “I". The execution steps of the method are
independent of the problem and the human contribution,
which are automatically executed during the execution of
the method. Therefore, the results of the execution steps
provide the amount of “A”. The set of “I” is expressed by
the human as the preparatory steps before starting the
execution of the method. For example, the preparatory steps
for GP can be expressed as terminal and function sets, eval-
uation criteria, parameters, and stopping criteria used in
generating solutions, as we mentioned in “Development of
robust methods”. Samuel expressed the criterion of Al and
machine learning as the behavior of machines that, when
performed by humans, is assumed to involve the use of
intelligence [179]. Koza found that this criterion is met
with results produced by GP for various problems that are
comparable to humans and exhibit a large amount of “A”
capability [ 178]. In other words, the Al rate is high. What are
the Al rates of the AP methods (Table 1) that we interpret
with other developed high-level programming languages?
To the best of our knowledge, there is no study in the
literature on the Al rates of these methods. As we analyzed
in the current metrics in Section 4, most SR problems in
the literature have been solved using AP methods. What
is the method with the highest Al rate for SR problems?
To generalize the question further, which method has the
highest Al rate for which problem? Therefore, it can be said
that the evaluation of Al rates for different application areas
of methods other than GP is one of the most important
questions yet to be developed.

Syntax dependency: While GP-based methods have been pro-
posed, grammar/syntax-based schemas have gained promi-
nence in modeling behaviors. In these schemas, individuals
that exhibit syntactically similar but semantically differ-
ent behaviors are matched. Therefore, new individuals with
semantically different fitness values are generated during
evolution. For this reason, Zojaji et al. proposed a semantic-
based scheme and found that syntactic schemes cannot reli-
ably predict behavior GP [180]. Proposing semantic schemes
to find semantically similar individuals is essential for AP
methods to enable better search with high-level structures
with complex semantics such as loops and recursions. While
there are studies in this area related to GP, there is almost no
study on the syntactic/semantic behavior of other methods.
Proposing these schemas of AP’s methods in the literature
will contribute significantly to the development of AP.
Parallelization of AP methods: In our study, there is only
one study on the computational time required to run the
methods, the quality of the solutions, and the improvement
due to parallel computational methods [103]. Therefore,
parallelization of methods and evaluation of computational
complexity and speed could also be one of the future aspects
of AP.
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e Parameter tuning: All methods of AP have parameters that
depend on the algorithm method from which they are in-
spired. Setting the parameters correctly has a significant
impact on the performance of the method. Many newly
introduced methods use parameter values from the work on
which they are based to allow fair comparison. However, the
adjustment of the parameters of the method is done by the
researcher. The more expert knowledge the researcher has
about the method, the more accurately the researcher can
adjust the parameters. We believe that more work should
be done in this area. Suggestions and algorithms can be
developed to help beginners use the methods without prior
knowledge.

e Solve real world problems: AP has many useful features com-
pared to traditional algorithms, such as optimizing the rela-
tionship between input and output variables, mathematical
modeling. When we examine our review literature tables
on AP, we find that the most studied problem topics are
SR, prediction, feature selection, artificial ant problem, and
optimal control. Thus, although we have seen applications
of AP methods in many domains, we believe that they can
also solve larger real-world problems given the success of
conventional algorithms.

e Development of AP-based toolboxes: if you look at all the
methods from AP, you will find that they have more com-
plex architectures than many algorithms. Lack of program-
ming skills by researchers is a major obstacle for AP studies.
There are open source applications related to GP and its
versions [181,182]. However, since most AP algorithms are
not open source, it becomes difficult to conduct comparative
studies using AP methods. For this reason, the development
of user-friendly web-based and non-web-based toolboxes
that facilitate the use of AP methods will be of great benefit
to researchers. The ABCPWeb application can serve as an
example of such studies [118].

5.2. Answers to research questions

The answers to the research questions based on our observa-

tions are listed below.

e Which AP methods are used for which problem solutions?
Answer: In general, we can say that all AP methods solve
SR problems. However, BBP is used for prediction and AntP
for matrix riccati differential equation (MRDE). It is worth
mentioning that GP is the most frequently used method for
all problem topics in our study. As shown in Fig. 12, we
classified all problem topics into 7 categories and plotted
the number of publications of the methods according to the
topics on the heat map.

e With which conventional algorithms can the performance of

AP methods be compared?
Answer: The methods are compared with very different
conventional algorithms specific to the application. When
studies have developed a version, it has been compared to
the standard of that version. For example, CGE is compared
to GE in [138]. It should be noted that in studies, methods
are usually compared to GP. For conventional algorithms, we
find a very wide range from CNN to metaheuristics. Also, we
can see that comparisons are made with different tools such
as Eureqa [50].

e In what direction will the field of AP develop?

Answer: In our studies, we have discovered more than one
developable issue related to AP. We draw researchers’ at-
tention to important issues that require in-depth analysis,
such as developing methods, Al ratio, syntax dependency,
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improving their speed, parameter tuning, testing solutions
to large problems, coding open source AP software. For this
reason, we believe that the growing AP will continue to
develop once the above problems are solved.

6. Conclusion

AP is the process of producing a model of the system using the
necessary information. AP methods can solve complex problems
in various fields such as engineering, medicine, bioinformatics,
chemistry, transportation, finance, and so on. With the devel-
opment of evolutionary algorithms and increasing computation
power and high-performance processors, new and powerful AP
methods will be proposed and applied. More complex real-world
problems will be solved more accurately and quickly due to this
progress. We believe that this review will be a starting point for
researchers to solve various optimization and machine learning
problems using AP methods and to develop new AP methods.

Glossary

ABCEP Artificial Bee Colony Expression Programming.
ABC-EP Artificial Bee Colony-Evolutionary Programming.
ABCP Artificial Bee Colony Programming.

AC-CGP Ant Colony-Cartesian Genetic Programming.

ACO Ant Colony Optimization.

ACOP Ant Colony Optimization for Linear Imperative Program-
ming.

ACP Ant Colony Programming.

ADGSGP Angle Drive Selection based Geometric Semantic GP.
AFSP Artificial Fish Swarm Programming.

Al Artificial Intelligence.

AIS Artificial Immune System.

AISP Artificial Immune System Programming.

ANFIS Adaptive Neuro-Fuzzy Inference System.

ANN Artificial Neural Network.

AnP Analytic Programming.

AntP Ant Programming.

AntTAG Ant Tree Adjunct Grammar.

AP Automatic Programming.

APIC Ant Programming for Imbalanced Classification.

BBP Biogeography-Based Programming.

BIBP Block Building Programming.

BNF Backus Naur Form.

CAP Cartesian Ant Programming.

CGE Christiansen Grammatical Evolution.

CGP Cartesian Genetic Programming.

CNN Convolutional Neural Network.

ConvGP Convolutional Genetic Programming.

CSP Clone Selection Programming.

DAP Dynamic Ant Programming.

DE Differential Evolution.

DNN Deep Neural Network.

DoME Deterministic Technique for Equation Development.
DSH Discrete Set Handling.

EBR Elite Bases Regression.

EC Evolutionary Computation.

EGAP Enhanced Generalized Ant Programming.

EP Evolutionary Programming.

EP-GPBoost Earthquake Predictor AdaBoost.

ES Evolutionary Strategies.

FA Firefly Algorithm.

FI-EP Fast Immunized-Evolutionary Programming.

FISTGP Fuzzy Inference System Strongly Typed Genetic Program-
ming.

FP Firefly Programming.

FSGPMO Feature Selection Genetic Programming Multi Objective.
GA Genetic Algorithm.
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GACP Grid Ant Colony Programming.

GAP Generalized Ant Programming.

GBAP Grammar-Based Ant Programming.

GBAP-RARM Grammar-Based Ant Programming for Rare Associ-
ation Rule Mining.

GE Grammatical Evolution.

GEP Gen Expression Programming.

GFA Geometric Firefly Algorithm.

GFS General Functional Set.

GGP Grammar-based Genetic Programming.

GH Grammatical Herding.

GP Genetic Programming.

GP-FER GP-Facial Expression Recognition.

GPMO Genetic Programming Multi Objective.

GP-PD Standard GP Using Local Pixel Information.

GP-PN Neat-GP Using Local Pixel Information.

GPRL Genetic Programming for Reinforcement Learning.

GPRM Genetic Programming with Representation and Mutation.
GP-SD Standard GP Using Local Image Statistics.

GP-SN Neat-GP Using Local Image Statistics.

GP-SR Genetic Programming Symbolic Regression.
GPU-MOGBAP Graphic Processing Unit-Multi-Objective Grammar
Based Ant Programming.

GS Grammatical Swarm.

GTS Genetic Texture Signature.

HP Herd Programming.

HSI Habitat Suitability Index.

IGP Inductive Genetic Programming.

ILNEP Immune Log-Normal Evolutionary Programming.

IP Immune Programming.

ISP Immune System Programming.

JRIP Decision Trees and Repetitive Incremental Pruning Algo-
rithms for Error Reduction.

LBP Local Binary Pattern.

LDSE Low Dimensional Simplex Evolution.

MBB Multilevel Block Building.

MCEP Momentum Coefficient Evolutionary Programming.

MFGP Multifactorial Genetic Programming.

MGGP Multi Gene Genetic Programming.

MGP Memetic Genetic Programming.

MHABCP Multi-Hive Artificial Bee Colony Programming.
MIIGA Multi Objective Interval-Valued Immune
Approach.

MLR Multi-Linear Regression.

MOCMIEP Multi-Objective Chaotic Mutation Immune Evolution-
ary Programming.

MOEP Multi-Objective Evolutionary Programming.

MOGBAP Multi-Objective Grammar-Based Ant Programming.
MOGBAP-RARM Multi-Objective Grammar-Based Ant Program-
ming for Rare Association Rule Mining.

MOGP Multi Objective Genetic Programming.

MRDE Matrix Riccati Differential Equation.

MSC-GP Model Selection Criteria approximated Genetic Program-
ming.

MSGP Multi-Stage Genetic Programming.

NARX Nonlinear AutoRegressive with eXogenous inputs.

NB Naive Bayes.

NSGA-II Non-Dominated Sorting Genetic Algorithm-II.

PME Parse Matrix Evolution.

PSMF2 Program Synthesis via Model Finder 2.

PSO Particle Swarm Optimization.

PSOP Particle Swarm Optimization Programming.

gABCP quick Artificial Bee Colony Programming.

qsABCP quick semantic Artificial Bee Colony Programming.

SA Simulated Annealing.

SsABCP semantic Artificial Bee Colony Programming.

Genetic
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SBGP Semantic Schema-Based Genetic Programming.
SFT Santa Fe Trail.

SGE Shared Grammatical Evolution.

shABCP shrinking Artificial Bee Colony Programming.
SLP-CHC Straight Line Program with CHC Algorithm.
SOMA Self-Organizing Migration Algorithms.

SPs Security Procedures.

SR Symbolic Regression.

SRM-Driven GP Structural risk minimization-driven Genetic Pro-
gramming.

SVM Support Vector Machine.

TS Tabu Search.

VAP Variational Analytic Programming.
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