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Abstract: Artificial neural networks are parametric machine learning models that have been
applied successfully to an extended series of classification and regression problems found in
the recent literature. For the effective identification of the parameters of the artificial neural
networks, a series of optimization techniques have been proposed in the relevant literature,
which, although they present good results in many cases, either the optimization method
used is not efficient and the training error of the network is trapped in sub-optimal values,
or the neural network exhibits the phenomenon of overfitting which means that it has poor
results when applied to data that was not present during the training. This paper proposes
an innovative technique for constructing the weights of artificial neural networks based on
appropriate BNF grammars, used in the evolutionary process of Grammatical Evolution.
The new procedure locates an interval of values for the parameters of the artificial neural
network, and the optimization method effectively locates the network parameters within
this interval. The new technique was applied to a wide range of data classification and
adaptation problems covering a number of scientific areas and the experimental results
were more than promising.

Keywords: neural networks; genetic algorithms; grammatical evolution; evolutionary
algorithms

1. Introduction
Many real world problems can be formulated as classification or regression problems

and subsequently, the can be tackled by machine learning models. Such problems occur in
physics [1,2], chemistry [3,4], economics [5,6], medicine [7,8] etc. A typical representative
of machine learning models with widespread use due to their remarkable adaptation ca-
pabilities are artificial neural networks [9,10]. This model has been successfully applied
to a wide series of practical problems, such as image processing [11], time series forecast-
ing [12], forecast of solar irradiance [13], medical diagnosis [14], solutions of differential
equations [15,16], agriculture problems [17,18] etc.

Typically, a neural network is expressed as a function N(−→x ,−→w ), provided that the
vector −→x represents the input vector or pattern for the neural network and the vector −→w
stands for the set of parameters of the network, that should be calculated. The vector −→w
is also called weight vector. The adaptation of the parameter vector −→w is performed by
minimizing the so-called training error, which is defined as:

E
(

N
(−→x ,−→w

))
=

M

∑
i=1

(
N
(−→x i,

−→w
)
− yi

)2 (1)
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In Equation (1) the set
(−→xi , yi

)
, i = 1, . . . , M represents the train set of the neural network,

where the values yi are considered as the expected outputs for the −→xi patterns. Various
methods have been proposed in the relevant literature to train neural networks, such
as the Back Propagation method [19], the RPROP method [20], the Adam optimization
method [21] etc. Also, a series of modern approaches have also been incorporated to train
neural networks, such as the Quasi Newton methods [22], the Tabu Search method [23], Sim-
ulated Annealing [24], genetic Algorithms [25], Particle Swarm Optimization (PSO) [26],
Differential Evolution [27], Ant Colony Optimization [28]. Recently, Askarzadeh et al.
suggested the Bird Mating Optimizer (BMO) [29] as the training algorithm for a series
of benchmark datasets. Benardos et al. suggested the application of a genetic algorithm
to obtain the best architecture of a neural network, in order to efficiently train a neural
network [30]. Karaboga introduced the usage of the Artificial Bee Colony (ABC) algorithm
on training artificial neural networks [31]. Among others, Chen et al. [32] has proposed a
hybrid method that combines particle swarm optimization and Cuckoo Search [33] to opti-
mize the weight vector. Also, due to the widespread application of parallel programming
techniques, a series of papers that exploit such methods are published recently regarding
the training of neural networks [34–36].

Another important aspect of the research conducted on artificial neural networks is
the initialization techniques used, which play an important role in the final result that
these networks have. Such initialization methods include the usage of decision trees [37],
incorporation of the Cauchy’s inequality [38], application of discriminant learning [39],
usage of genetic algorithms [40] etc. Also recently, Sodhi et al proposed an interval based
weight initialization method for neural networks [41]. An overview of the methods used
for weight initialization can be found in the work of Sousa [42].

However, the most important problem that can be caused by the use of different
initialization and/or training techniques for artificial neural networks is the phenomenon
of overfitting of these networks, where the network has poor performance on patterns
that were not used in the training of the network. This problem was tackled in the recent
bibliography by a series of methods, such as the weight sharing technique [43], weight
pruning techniques that can reduce the number of weights [44–46], the dropout method [47],
weight decaying [48,49], the Sarprop technique [50], positive correlation methods [51] etc.

This paper proposes an innovative process for training artificial neural networks,
which consists of three individual stages. During the execution of the first stage, an initial
estimate of the value interval of the artificial neural network parameters is made using
a smart global optimization technique, such as Genetic Algorithms [52]. The generated
result of the first stage is used in the next phase of the algorithm, where a process using
Grammatical Evolution [53] is used to more efficiently identify the value interval of the
parameters of the artificial neural network. In this phase, the value intervals for the network
parameters are constructed using a Backus–Naur (BNF) grammar [54]. In the last stage
of the proposed method, the parameters accompanying the artificial neural networks are
initialized within the optimal value interval of the previous process and an optimization
algorithm is used to effectively train the network within this interval.

The method proposed here is quite general and can be applied to other neural network
architectures, such as recurrent neural networks [55] or convolutional neural networks [56].
The only requirement for the method to be applicable to such architectures is that the
parameters of the corresponding machine learning models are available and that the initial
value range for these parameters is known.

Furthermore, from a technical point of view, the method can be applied to models that
have a huge number of parameters without any technical limitation, however, it will be
necessary to use large-sized chromosomes in the Grammatical Evolution process, in order
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to make the process of finding the most reliable value interval for the parameters of the
machine learning model in question more efficient.

The remaining of this article is organized as follows: in Section 2 the proposed method
is discussed in detail, in Section 3 the used datasets as well as the conducted experiments
are discussed and finally, in Section 4 some conclusions are presented.

2. Materials and Methods
This section presents the basic principles of Grammatical Evolution and then the

proposed 3-stage weight adjustment process.

2.1. Grammatical Evolution

Grammatical Evolution is an evolutionary algorithm, where the chromosomes are
vectors of positive integer values. Each chromosome is a series of production rules from
the underlying BNF grammar and it can be used to construct valid programs in the
target language. During the recent years, Grammatical Evolution was applied in a wide
range of problems from different areas, such as music synthesis [57], video games [58,59],
design of fractal curves [60], constant creation [61], robotics [62,63], modeling glycemia in
humans [64], Wikipedia taxonomies [65], economics [66] etc. The grammars used in the
Grammatical Evolution procedure are expressed as sets G = (N, T, S, P) where

• N represents the set of non-terminal symbols included in the grammar.
• T stands for the set of terminal symbols. Every non-terminal symbol is replaced by a

series of terminal symbols withe the application of the associated production rules.
• S is a non-terminal symbol, that stands for the start symbol of the grammar.
• P is the set of production rules that are used to create terminal symbols from non-

terminal symbols.

For every chromosome, Grammatical Evolution starts from the symbol S and through
a series of steps it produces valid programs with terminal symbols by substituting non-
terminal symbols with the right hand of the selected production rule. The selection of the
production rule is accomplished in two steps:

• Obtain the next element from the under-processing chromosome. Denote this element
with V

• The next rule is selected according to: Rule = V mod NR. The number NR represents the
total number of production rules for the non-terminal symbol that is under consideration.

2.2. The Proposed Method
2.2.1. The First Phase of the Method

At the beginning of the process, an initial estimate of the range of values for the
parameters of the artificial neural network must be made. This estimate should also reflect
the specificities of each data set to be processed and therefore arbitrary values cannot be
used. For this reason, an optimization procedure is used to train the neural network. The
final result of this process can be used as a good estimate of the range of values for these
parameters. In the current work, the global optimization method of Genetic Algorithm
was used as the training procedure of the first phase. This method was chosen because
of its great flexibility, its many applications in many scientific fields, and its ability to be
parallelized. The form of neural network used here was also proposed in [67] and it is
defined as follows:

N
(−→x ,−→w

)
=

H

∑
i=1

w(d+2)i−(d+1)σ

(
d

∑
j=1

xjw(d+2)i−(d+1)+j + w(d+2)i

)
(2)
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In the previous equation the symbol H denotes the number of processing units and the
value d represents the the dimension of the input pattern −→x . As a consequence the size of
vector −→w is n = (d + 2)H. The function σ(x) represents the sigmoid function defined as:

σ(x) =
1

1 + exp(−x)
(3)

These neural networks have one input level, where the pattern is presented to the neural
network and one hidden level with H processing nodes. A representation of this neural
networks is depicted in Figure 1.

Figure 1. The structure of the neural network incorporated in the current work.

Each chromosome in this genetic algorithm represents a possible set of parameters for
the artificial neural network and during optimization the training error is minimized, as
captured in Equation (1). The main steps of this procedure have as follows:

1. Initialization step.

(a) Define as Nc the number of chromosomes and as Ng the maximum number of
generations allowed before termination.

(b) Define as ps the selection rate with ps ≤ 1.
(c) Define as pm the mutation rate with pm ≤ 1.
(d) Initialize randomly the chromosomes gi, i = 1, . . . , Nc.
(e) Set k = 0, the generation number.

2. Genetic operations step.

(a) Fitness calculation. For every chromosome ci, i = 1, . . . , Nc create the corre-
sponding neural network N(ci, x) and set the corresponding fitness value with
the following formula:

fi =
M

∑
j=1

(
N
(
ci, xj

)
− yj

)2

(b) Application of selection. The chromosomes and the corresponding fitness
values are sorted according to the fitness and the best (1 − ps)× Nc of them are
copied intact to the next generation. The rest of the chromosomes are replaced by
new chromosomes produced during the crossover and the mutation procedure.



Big Data Cogn. Comput. 2025, 9, 5 5 of 26

(c) Application of crossover. During this process, for every pair of constructed
chromosomes (z̃, w̃) two chromosomes (z, w) are selected from the current pop-
ulation using tournament selection. The construction of the new chromosomes
is performed using the following:

z̃i = aizi + (1 − ai)wi

w̃i = aiwi + (1 − ai)zi (4)

The values ai are random numbers with ai ∈ [−0.5, 1.5] [68].
(d) Application of mutation. For every element of each chromosomes a random

number r ∈ [0, 1] is drawn. This element is altered randomly when r ≤ pm.

3. Termination check.

(a) Set k = k + 1
(b) If k ≤ Ng goto step 2

4. Finalization step.

(a) Select the chromosome g∗ with the lowest fitness value from the population.

(b) Define the vectors
−→
L ,

−→
R with the properties

Li = −F
∣∣g∗i ∣∣

Ri = F
∣∣g∗i ∣∣ , i = 1, . . . , n

The parameter F is a positive number with the property F ≥ 1.
(c) The final outcome of the first phase is the vectors

−→
L and

−→
R

2.2.2. The Second Phase of the Method

In the second phase of the proposed methodology, an attempt is made to estimate
the optimal value intervals (bounds) of the artificial neural network parameters. This
phase initiates from the final outcome of the previous phase, the vectors

−→
L and

−→
R . The

estimation of the optimal value intervals is performed through Grammatical Evolution,
which utilizes the grammar shown in Figure 2.

S::=<expr> (0)
<expr> ::= (<xlist> , <command>,<command>) (0)

|<expr>,<expr> (1)
<xlist>::=x1 (0)

| x2 (1)
.........
| xn (n-1)

<command> ::= NOTHING (0)
| SHRINK (1)
| EXPAND (2)
| SHRINK_EXPAND (3)
| EXPAND_SHRINK (4)
| SHRINK_SHRINK (5)
| EXPAND_EXPAND (6)

Figure 2. BNF grammar used in the implemented work. The numbers in parentheses denote
the sequence number of the current production rule and they are used during the Grammatical
Evolution procedure in order to produce valid programs. Symbols enclosed in < > are considered
non-terminal symbols of the grammar. The parameter n denotes the number of parameters for the
used neural network.
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This grammar proposes a series of commands that will be applied to the bounds of
the parameters of the neural network. These commands are a series of expressions in the
form (identifier,left_command,right_command). The identifier represents the parameter
where the command will be applied, the left_command indicates the command that will
be executed on the left bound of this parameter and the right_command stands for the
command that will be applied on the right bound of the corresponding parameter. These
commands are:

1. NOTHING. Using this command does not change the limits of the corresponding
parameter.

2. SHRINK. With this command, the corresponding bound is reduced by 50%.
3. EXPAND. Activating this command results in the corresponding bound being ex-

panded by 50%.
4. SHRINK_EXPAND. This command firstly reduces the corresponding bound by 50%

and afterwards this bound is expanded by 50%.
5. EXPAND_SHRINK. This command firstly expands by 50% the corresponding bound

and subsequently this bound is reduced by 50%.
6. SHRINK_SHRINK. The execution of this command shrinks the corresponding bound

two times.
7. EXPAND_EXPAND. This command expands the corresponding bound two times.

As a full working example consider a neural network with H = 2 processing nodes
and the consider also the dimension of the input patterns to be d = 2. The total num-
ber of variables for the neural network is calculated as n = (d + 2)H = 8. Also, we
consider that the initial values of bounds are

−→
L = (−2,−4,−1, 0,−4,−2,−1,−2) and−→

R = (2, 4, 1, 0, 4, 2, 1, 2). Also, consider the chromosome

g = [10, 15, 2, 9, 16, 4, 15, 19, 21]

The production steps for this example are shown in Table 1.

Table 1. Production steps for the example considered here.

CHROMOSOME ACTION EXPRESSION

10,15,2,9,16,4,15,19,21 10 mod 2 = 0 <expr>,<expr>

15,2,9,16,4,15,19,21 15 mod 2 = 1 (<xlist>,<command>,<command>),<expr>

2,9,16,4,15,19,21 2%8 = 2 (x3,<command>,<command>),<expr>

9,16,4,15,19,21 9%7 = 2 (x3,EXPAND,<command>),<expr>

16,4,15,19,21 16%7 = 2 (x3,EXPAND,EXPAND),<expr>

4,15,19,21 4%2 = 0 (x3,EXPAND,EXPAND),(<xlist>,<command>,<command>)

15,19,21 15%8 = 7 (x3,EXPAND,EXPAND),(x8,<command>,<command>)

19,21 19%7 = 5 (x3,EXPAND,EXPAND),(x8,SHRINK_EXPAND,<command>)

21 21%7 = 0 (x3,EXPAND,EXPAND),(x8,SHRINK_EXPAND,NOTHING)

The final outcome of these steps is the expression

p = (x3, EXPAND, EXPAND), (x8, SHRINK_EXPAND, NOTHING)

After the application of the program p to the vectors
−→
L and

−→
R the following vectors will

be created:
−→
L = (−2,−4,−2, 0,−4,−2,−1,−1),

−→
R = (2, 4, 2, 0, 4, 2, 1, 2). The analytical

form for this example is the neural network defined as:
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N
(−→x ,−→w

)
= w1σ(x1w2 + x2w3 + w4) + w5σ(x1w6 + x2w7 + w + w8)

For this specific example, the following applies to each variable of the artificial neural network:

1. x1 ∈ [−2, 2]
2. x2 ∈ [−4, 4]
3. x3 ∈ [−2, 2]
4. x4 ∈ [0, 0]. This variable can be considered as fixed to 0.0
5. x5 ∈ [−4, 4]
6. x6 ∈ [−2, 2]
7. x7 ∈ [−1, 1]
8. x8 ∈ [−1, 2]

Furthermore, the method can significantly limit the value ranges of the artificial neural
network parameters or even set some of them to zero. In this way, the method can indirectly
construct the structure of the neural network. A figure depicting the previously mentioned
example neural network is shown in Figure 3.

Figure 3. A representation of the example neural network presented here.

The algorithm used in this phase is a variation of the genetic algorithm, that incor-
porates the Grammatical Evolution procedure to create programs that will be applied on
the bounds of the neural network parameters. The process used in this phase is a genetic
algorithm, where the chromosomes consist of value intervals for the parameters of the
artificial neural network. The fitness of each chromosome is considered as an interval, and
it is calculated through the process outlined in Algorithm 1.
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Algorithm 1 Calculation of fitness value for every produced program p.

1. Set as Ns the number of random samples that will be used.
2. Set fl = ∞
3. Set fu = −∞
4. Apply the program p to the bounds of the neural network to produce the new bounds

−→
Lp,

−→
Rp.

5. For i = 1, . . . , Ns do

(a) Create randomly the set wp ∈
[

L⃗p,
−→
Rp

]
as a new set of parameters for the neural

network.
(b) Calculate the training error Ew = ∑M

k=1
(

N
(−→x k,−→wp

)
− yk

)2

(c) If Ew ≤ fl then fl = Ew
(d) If Ew ≥ fu then fu = Ew

6. End For
7. Return as fitness value the interval [ fl , fu].

The steps of the proposed algorithm for the second phase are the following:

1. Initialization Step.

(a) Define as Nc the population size and denote as Ng the maximum number of
generations allowed.

(b) Define as ps the selection rate with ps ≤ 1.
(c) Define as pm the mutation rate with pm ≤ 1.
(d) Define as pl the used local search rate with pl ≤ 1
(e) Set as Ns the number of samples that will be used during the fitness calculation.
(f) Set as NL the number of chromosomes that will participate in the local

search procedure.
(g) Initialize randomly the chromosomes gi, i = 1, . . . , Nc. Each chromosome is a

set of randomly selected positive integers.
(h) Set k = 0, the generation number.

2. Fitness calculation step.

(a) For every chromosome gi, i = 1, . . . , Nc do

i. Create the corresponding program pi using the Grammatical Evolution
procedure and the associated BNF grammar outlined in Figure 2.

ii. Calculate the fitness value fi for program pi using the algorithm shown
in Algorithm 1.

(b) End For

3. Genetic operations step.

(a) Application of selection. During the selection procedure the chromosome
are firstly sorted according to their fitness values. The comparison of any
pair of fitness values fa = [a1, a2] and fb = [b1, b2] is performed using the
following operator:

L∗( fa, fb) =

TRUE, a1 < b1, OR (a1 = b1 AND a2 < b2)

FALSE, OTHERWISE
(5)

The (1 − ps)× Nc chromosomes with the lowest fitness values according to the
previous operator are copied intact to the next generation. The remaining of
them are replaced by chromosomes produced through crossover and mutation.

(b) Application of crossover. During this procedure, for every pair of produced
chromosomes (z̃, w̃) two chromosomes (z, w) are selected from the current
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population with the assistance of tournament selection. The new chromo-
somes are constructed using one-point crossover, that is graphically outlined
in Figure 4.

(c) Application of mutation. Every element of each chromosome is altered with
probability pm. During this procedure a random integer value is selected and
it replaces the chosen element of the under processing chromosome.

4. Local search step.

(a) For each chromosome gi, i = 1, . . . , Nc do

i. Draw a random number r ∈ [0, 1]
ii. If r ≤ pl then alter randomly chromosome gi with the procedure

described in Algorithm 2.

(b) End for

5. Termination check step.

(a) Set k = k + 1
(b) If k ≥ Ng terminate else goto step 2.
(c) Report g∗ as the final outcome of this algorithm having the lowest fitness

value among the chromosomes of the population. The application of this
chromosome to the bounds of the neural network will produce the set of
bounds

−→
L∗ and

−→
R∗.

Figure 4. An example of one-point crossover mechanism, used in the Grammatical Evolution procedure.

Algorithm 2 Local search procedure applied on a chromosome g.

1. Set as fg the corresponding fitness value of chromosome g.
2. Create randomly the set C =

{
x1, x2, . . . , xNl

}
of Nl chromosomes from the cur-

rent population.
3. For i = 1, . . . , Ncr do

(a) Execute the one-point crossover using chromosomes g and xi. The one-point
crossover will create two chromosomes: g1 and g2 and the related fitness values
are fg1 and fg2 .

(b) If fg1 ≤ fg then g = g1
(c) else if fg2 ≤ fg then g = g2
(d) End if

4. End For

The purpose of this phase of the algorithm is to identify the most promising range of
values for the parameters of the artificial neural network through the application of parti-
tioning rules. Furthermore, the above procedure will significantly reduce the local minima
contained in the error function, since the initial search space will be significantly limited to
only those regions that may contain the global minimum or approximations thereof.
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2.2.3. The Final Phase of the Method

During the last phase of the proposed method, the bounds
−→
L∗ and

−→
R∗ produced by the

previous phase are evaluated using a modified genetic algorithm, used to train the artificial
neural network.

1. Initialization step.

(a) Set as Nc the number of chromosomes and as Ng the maximum number
of generations.

(b) Set as ps the selection rate and as pm the mutation rate.

(c) Initialize randomly each chromosome gi, i = 1, . . . , Nc inside the bounds
−→
L∗

and
−→
R∗ of the previous procedure.

(d) Set k = 0 the generation number.

2. Fitness Calculation step. For every chromosome gi, i = 1, . . . , Nc create the corre-
sponding neural network N(gi, x) and set the corresponding fitness value with the
following formula:

fi =
M

∑
j=1

(
N
(

gi, xj
)
− yj

)2

3. Application of genetic operations.

(a) Application of selection. The chromosomes are sorted according to their fitness.
The best (1 − ps)× Nc of them will be copied to the next generation, while
the remaining ones will be substituted by chromosomes produced during
crossover and mutation.

(b) Application of crossover. For each pair of produced chromosomes (z̃, w̃) two
chromosomes z and w from the current population will be selected through
tournament selection. The new chromosomes will be formed with a pro-
cess similar with this of the crossover procedure of the first stage of the cur-
rent work.

(c) Application of mutation. Every element of each chromosome is altered with
probability pm.

4. Termination check step.

(a) Set k = k + 1
(b) If k ≤ NG then goto step 2.

5. Local search step.

(a) Obtain the best chromosome g∗ from the population and form the correspond-
ing neural network N(g∗, x)

(b) Minimize the associated training error

f ∗ =
M

∑
j=1

(
N
(

g∗i , xj
)
− yj

)2

using a local search procedure. In the proposed method the BFGS variant of
Powell [69] was used.

The steps of the overall algorithm are outlined graphically in Figure 5.
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Figure 5. The steps of the proposed algorthm as a flowchart.

3. Results
The new training procedure for the construction of weights of neural networks was

tested on a wide series of classification and regression datasets, found in the recent literature
and in the following websites:

1. The UCI website, https://archive.ics.uci.edu/ (accessed on 24 November 2024) [70]
2. The Keel website, https://sci2s.ugr.es/keel/datasets.php (accessed on 24 November

2024) [71].
3. The Statlib URL ftp://lib.stat.cmu.edu/datasets/index (accessed on 24 Novem-

ber 2024).

3.1. Datasets

The following classification datasets were incorporated in the conducted experiments:

1. Alcohol. This dataset is related to experiments on alcohol consumption [72].
2. Australian, related to economic risk in bank transactions [73].
3. Bands, related to printing problems [74], with two distinct classes.
4. Cleveland, a medical dataset studied in many research papers [75,76].
5. Circular dataset, which is an artificial dataset.
6. Dermatology, a medical dataset related to dermatology problems [77] with 6 classes.
7. Ecoli, that is related to issues about proteins [78].
8. Haberman, a medical dataset used in the detection of breast cancer.
9. Hayes-roth dataset [79], a dataset with 3 classes.
10. Heart, a medical dataset about heart diseases [80] with two classes.
11. HeartAttack, a medical dataset related to the presence of heart diseases, with

two classes.
12. Hepatitis, a dataset used for to detect the presence of hepatitis.

https://archive.ics.uci.edu/
https://sci2s.ugr.es/keel/datasets.php
ftp://lib.stat.cmu.edu/datasets/index
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13. Housevotes, that uses data from the Congressional voting in USA [81].
14. Ionosphere, that used data from various measurements in the ionosphere [82,83].
15. Liverdisorder, which is a medical dataset [84,85] with two classes.
16. Lymography [86], which is a dataset with four distinct classes.
17. Magic, this dataset contains data from simulation regarding gamma particles [87].
18. Mammographic, a medical dataset used for the detection of breast cancer [88].
19. Page Blocks dataset [89], which is incorporated for the detection of page layout

in documents.
20. Parkinsons, a dataset used to detect the presence of Parkinson’s disease [90,91].
21. Pima, a medical dataset that used to detect the presence of diabetes [92].
22. Phoneme, where the purpose of this dataset is to distinguish between nasal and

oral sounds.
23. Popfailures, a dataset related to climate measurements [93].
24. Regions2, used detect issues in the liver from various liver biopsy images [94].
25. Ring, a dataset related to some multivariate normal distributions.
26. Saheart, used to detect the presence of some heart diseases [95].
27. Segment dataset [96], which is used for image processing.
28. Statheart, a medical dataset about heart diseases.
29. Spambase, a dataset used for the detection of spam emails.
30. Spiral, which is an artificial dataset.
31. Student, a dataset related to some experiments in schools [97].
32. Tae, this dataset is related to evaluations of teaching performance.
33. Transfusion, which is a medical dataset [98].
34. Wdbc, a medical dataset related to the detection of breast cancer [99,100].
35. Wine, a dataset related to the quality of wines [101,102].
36. EEG dataset, which is a medical dataset related to EEG measurements [103,104]. From

the original dataset the following cases were obtained: Z_F_S, ZO_NF_S, Z_O_N_F_S
and ZONF_S.

37. Zoo, that used to predict the class of some animals [105].

The number of classes for each used dataset are shown in Table 2.

Table 2. The column DATASET denotes the number of the dataset and the Number of Classes
represent the distinct number of classes.

DATASET Number of Classes

ALCOHOL 4

APPENDICITIS 2

AUSTRALIAN 2

BANDS 2

CLEVELAND 5

CIRCULAR 2

DERMATOLOGY 6

ECOLI 8

HABERMAN 2

HEARTATTACK 2

HAYES ROTH 3

HEART 2
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Table 2. Cont.

DATASET Number of Classes

HEPATITIS 20

HOUSEVOTES 2

IONOSPHERE 2

LIVERDISORDER 2

LYMOGRAPHY 4

MAGIC 2

MAMMOGRAPHIC 2

PAGE BLOCKS 5

PARKINSONS 2

PIMA 2

PHONEME 2

POPFAILURES 2

RING 2

SPIRAL 2

REGIONS2 5

SAHEART 2

SEGMENT 7

STATHEART 2

SPAMBASE 2

SPIRAL 2

STUDENT 2

TAE 3

TRANSFUSION 2

WDBC 2

WINE 3

Z_F_S 3

ZO_NF_S 3

ZONF_S 2

ZOO 7

Also the following regression datasets were used in the conducted experiments:

1. Abalone, a dataset regarding the prediction of the age of abalones [106].
2. Airfoil, a dataset derived from NASA [107] with 5 features.
3. Auto, a dataset used for the prediction of fuel consumption in cars.
4. BK, related to basketball games. The dataset has 4 features.
5. BL, a dataset used in some electricity experiments and it contains 7 features.
6. Baseball, a dataset with 16 features used for the estimation of the income of base-

ball players.
7. Concrete, a dataset with 8 features and it was used in civil engineering [108].
8. DEE, a dataset with 6 features, used in the prediction of electricity prices.
9. EU, a dataset originated in the STATLIB website.
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10. FA, that contains related to body fat.
11. Friedman, a synthetic dataset used in various benchmarks [109].
12. FY, this dataset used to measure the longevity of fruit flies.
13. HO, a dataset founded in the STATLIB repository with 13 features.
14. Housing, used to predict the price of houses [110].
15. Laser, which is a dataset with 4 features and it has been used in various laser experiments.
16. LW, a dataset with 9 features used to measure the weight of babes.
17. Mortgage, an economic dataset with 15 features.
18. Plastic, a dataset related to the detection of pressure on plastics.
19. PL, a dataset with 2 features founded in the STATLIB repository.
20. RealEstate, a dataset found in the STATLIB website with 5 features.
21. Quake, a dataset used in earthquake measurements with 3 features.
22. SN, a dataset that provides experimental measurements related to trellising and

pruning, with 11 features.
23. Stock, a dataset with 9 features for the prediction of the prices of various stocks.
24. Treasury, an economic dataset with 15 features.
25. TZ, derived from the STATLIB website and it has 60 features.
26. VE dataset, derived from the STALIB repository.

The number of features for each regression dataset incorporated in the current work
are shown in Table 3.

Table 3. The regression datasets used in the experiments. The column DATASET denotes the used
dataset and the column FEATURES the number of features in this dataset.

DATASET FEATURES

ABALONE 8

AIRFOIL 5

AUTO 5

BASEBALL 16

BK 4

BL 7

CONCRETE 8

DEE 6

EU 2

FA 18

FRIEDMAN 5

HO 13

HOUSING 13

LASER 4

LW 9

MORTGAGE 15

PLASTIC 2

PL 2

REALESTATE 5

QUAKE 3
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Table 3. Cont.

DATASET FEATURES

SN 11

STOCK 9

TREASURY 15

TZ 60

VE 7

3.2. Experimental Results

The algorithm used in the current work was coded in ANSI C++. All the runs were
performed 30 times using different seeds for the random generator each time. The validation
of the experiments was performed using the 10-fold validation technique. The experiments
were carried out on an AMD Ryzen 5950X with 128 GB of RAM. The used operating system
was Debian Linux. In Table 4 the values used in all experimental parameters are listed.

Table 4. The values used for all experimental parameters of the proposed method.

PARAMETER MEANING VALUE

Ng Number of generations allowed 200

Nc Number of chromosomes 500

Ns Number of samples 50

Nl Number of chromosome used in local search 20

ps Selection rate 0.1

pm Mutation rate 0.05

pl Local search rate 0.001

H Number of processing nodes 10

The Table 5 outlines the experimental results for the classification datasets and in
Table 6 the experimental results for the regression datasets are listed. The classification
error is defined as:

EC(M(x)) = 100 × ∑N
i=1(class(M(xi))− yi)

N
(6)

where M(x) denotes the underlying machine learning model and set T stands for the train
dataset. Also, the regression error is defined as:

ER(M(x)) =
∑N

i=1(M(xi)− yi)
2

N
(7)

The following applies to these tables:

1. The column DATASET represents the used dataset.
2. The column ADAM denotes the application of the ADAM optimizer to a neural

network with H = 10 processing nodes.
3. The column BFGS stands for the application of the BFGS variant of Powell to a neural

network with H = 10 processing nodes.
4. The column GENETIC stands for the usage of a genetic algorithm on a neural network

with H = 10 processing nodes. The values for the parameters of this genetic algorithm
are shown in Table 4.
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5. The column NEAT defines the application of the NEAT method (NeuroEvolution of
Augmenting Topologies) [111] as implemented in EvolutionNet package freely avail-
able from https://github.com/BiagioFesta/EvolutionNet (accessed on 31 December
2024). The number of used generations is the same as in the GENETIC algorithm.

6. The column RBF stands for the usage of a Radial Basis Function (RBF) network
[112,113] with H = 10 processing nodes.

7. The column GNN stands for the incorporation of the proposed method to a neural
network with H = 10 processing nodes with parameter settings outlined in Table 4.

8. The row denoted as AVERAGE represents the average classification or regression
error for all datasets.

Table 5. Experimental results for the classification datasets. Numbers in cells denote the average
classification error as calculated on the corresponding test set.

DATASET ADAM BFGS GENETIC NEAT RBF GNN

ALCOHOL 57.78% 41.50% 39.57% 66.80% 49.32% 16.63%

AUSTRALIAN 35.65% 38.13% 32.21% 31.98% 34.89% 14.69%

BALANCE 12.27% 8.64% 8.97% 23.14% 33.53% 7.98%

BANDS 36.92% 36.67% 34.92% 34.30% 37.17% 34.38%

CLEVELAND 67.55% 77.55% 51.60% 53.44% 67.10% 44.89%

CIRCULAR 19.95% 6.08% 5.99% 35.18% 5.98% 4.68%

DERMATOLOGY 26.14% 52.92% 30.58% 32.43% 62.34% 11.79%

ECOLI 64.43% 69.52% 54.67% 43.44% 59.48% 51.42%

HABERMAN 29.00% 29.34% 28.66% 24.04% 25.10% 27.01%

HAYES-ROTH 59.70% 37.33% 56.18% 50.15% 64.36% 34.99%

HEART 38.53% 39.44% 28.34% 39.27% 31.20% 14.83%

HEARTATTACK 45.55% 46.67% 29.03% 32.34% 29.00% 19.23%

HEPATITIS 68.13% 72.47% 62.12% 67.04% 64.63% 56.67%

HOUSEVOTES 7.48% 7.13% 6.62% 10.89% 6.13% 6.23%

IONOSPHERE 16.64% 15.29% 15.14% 19.67% 16.22% 15.71%

LIVERDISORDER 41.53% 42.59% 31.11% 30.67% 30.84% 31.89%

LYMOGRAPHY 39.79% 35.43% 28.42% 33.70% 25.50% 19.26%

MAGIC 40.55% 17.30% 21.75% 24.85% 21.28% 15.67%

MAMMOGRAPHIC 46.25% 17.24% 19.88% 22.85% 21.38% 16.33%

PARKINSONS 24.06% 27.58% 18.05% 18.56% 17.41% 11.53%

PAGE BLOCKS 34.27% 8.49% 6.84% 10.22% 10.09% 7.66%

PHONEME 29.43% 15.58% 15.55% 22.34% 23.32% 16.59%

PIMA 34.85% 35.59% 32.19% 34.51% 25.78% 25.81%

POPFAILURES 5.18% 5.24% 5.94% 7.05% 7.04% 5.25%

REGIONS2 29.85% 36.28% 29.39% 33.23% 38.29% 29.24%

RING 28.80% 29.44% 28.80% 30.85% 21.67% 21.68%

SAHEART 34.04% 37.48% 34.86% 34.51% 32.19% 29.92%

SEGMENT 49.75% 68.97% 57.72% 66.72% 59.68% 31.21%

SONAR 30.33% 25.85% 22.40% 34.10% 27.90% 22.80%

https://github.com/BiagioFesta/EvolutionNet
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Table 5. Cont.

DATASET ADAM BFGS GENETIC NEAT RBF GNN

SPAMBASE 48.05% 18.16% 6.37% 35.77% 29.35% 6.17%

SPIRAL 47.67% 47.99% 48.66% 48.66% 44.87% 41.97%

STATHEART 44.04% 39.65% 27.25% 44.36% 31.36% 18.20%

STUDENT 5.13% 7.14% 5.61% 10.20% 5.49% 4.98%

TAE 60.20% 51.58% 49.84% 60.67% 60.02% 48.89%

TRANSFUSION 25.68% 25.84% 24.87% 24.87% 26.41% 23.34%

WDBC 35.35% 29.91% 8.56% 12.88% 7.27% 3.70%

WINE 29.40% 59.71% 19.20% 25.43% 31.41% 9.14%

Z_F_S 47.81% 39.37% 10.73% 38.41% 13.16% 8.35%

Z_O_N_F_S 78.79% 65.67% 64.81% 77.08% 48.70% 60.83%

ZO_NF_S 47.43% 43.04% 21.54% 43.75% 9.02% 6.29%

ZONF_S 11.99% 15.62% 4.36% 5.44% 4.03% 2.77%

ZOO 14.13% 10.70% 9.50% 20.27% 21.93% 6.03%

AVERAGE 36.91% 34.19% 27.11% 33.72% 30.52% 21.11%

Table 6. Experimental results for the series of regression datasets. The numbers in cells correspond to
the average regression error of each test set.

DATASET ADAM BFGS GENETIC NEAT RBF GNN

ABALONE 4.30 5.69 7.17 9.88 7.37 4.32

AIRFOIL 0.005 0.003 0.003 0.067 0.27 0.001

AUTO 70.84 60.97 12.18 56.06 17.87 8.69

BK 0.0252 0.28 0.027 0.15 0.02 0.039

BL 0.622 2.55 5.74 0.05 0.013 0.013

BASEBALL 77.90 119.63 103.60 100.39 93.02 47.25

CONCRETE 0.078 0.066 0.0099 0.081 0.011 0.004

DEE 0.63 2.36 1.013 1.51 0.17 0.212

EU 604.253 608.99 252.97 397.27 235.14 148.76

FA 0.048 0.426 0.025 0.19 0.015 0.097

FRIEDMAN 22.896 1.263 1.249 19.35 7.23 1.573

FY 0.038 0.22 0.65 0.08 0.04 0.121

HO 0.035 0.62 2.78 0.17 0.03 0.05

HOUSING 80.998 97.38 43.26 56.49 57.68 14.79

LASER 0.03 0.015 0.59 0.084 0.03 0.0029

LW 0.028 2.98 1.90 0.17 0.03 0.313

MORTGAGE 9.24 8.23 2.41 14.11 1.45 0.0222

PLASTIC 11.713 20.323 2.791 20.77 8.62 2.186

PY 0.321 0.578 0.56 0.075 0.012 0.111

PL 0.117 0.29 0.28 0.098 2.12 0.0205
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Table 6. Cont.

DATASET ADAM BFGS GENETIC NEAT RBF GNN

REALESTATE 186.778 170.28 81.19 155.46 76.50 70.928

QUAKE 0.07 0.42 0.04 0.298 0.07 0.04

SN 0.026 0.40 2.95 0.174 0.027 0.025

STOCK 180.893 302.43 3.881 215.82 12.23 2.986

TREASURY 11.16 9.91 2.929 15.52 2.02 0.0633

TZ 0.07 3.27 5.38 0.098 0.036 0.652

VE 0.359 1.92 2.43 0.045 0.024 0.0493

AVERAGE 46.795 52.648 19.926 39.42 19.34 11.234

The statistical analysis of Table 5 highlights interesting patterns regarding model
performance and the nature of the datasets. The GNN model achieves the lowest average
error rate (21.11%), making it the overall best-performing model. This suggests that it is
particularly effective across the dataset collection. In contrast, NEAT, despite an average
error rate of 33.72%, excels in specific datasets such as Z_O_N_F_S, where it performs
almost equivalently to GNN. The analysis reveals significant variations in error rates across
datasets, indicating differing levels of complexity and challenges faced by the models.
For instance, datasets like Z_O_N_F_S, where errors are low for all models, are likely
characterized by well-defined patterns and minimal class overlap. On the other hand,
datasets such as SPAMBASE and MAGIC appear more complex, with high error rates
across many models. In SPAMBASE, GNN’s performance (6.17%) is remarkable, indicating
its superior capability in handling such data compared to other models. ADAM, with
an average error rate of 36.91%, demonstrates consistent but not top-tier performance.
This model seems reliable for medium-complexity datasets, such as BANDS and AUS-
TRALIAN, where it achieves comparable or better results than other models. However, it
underperforms in high-dimensional datasets, such as SEGMENT, where BFGS significantly
outperforms it. BFGS exhibits strong performance in problems like DERMATOLOGY, likely
due to its adaptability to data with well-defined boundaries. The GENETIC model shows
intriguing behavior, excelling in datasets such as ZONF_S and RING, but lagging in higher
complexity problems like HEPATITIS. This indicates potential limitations in processing
high-dimensional or noisy data. Conversely, RBF appears particularly sensitive to dataset-
specific characteristics, performing well in certain datasets like BALANCE but falling short
in problems such as SPIRAL and HOUSEVOTES. The comparison between models under-
scores the necessity of tailored model selection for each dataset. For instance, GNN would
be the preferred choice for problems demanding the lowest possible error, while ADAM
would be ideal for cases where stability and generalization are more critical. NEAT and
GENETIC are suitable for problems with unique data structures, whereas RBF and BFGS
prove useful in more specialized applications. The significant variability among models
and datasets also highlights the complexity of selecting appropriate machine learning
algorithms. While GNN stands out as the overall leader, each model may prove superior
under specific conditions, depending on the nature and dimensionality of the data, the
noise level, and the class overlap.

The statistical analysis of Table 6 indicates that the GNN model achieves the lowest
average error (11.234), establishing it as the best performer across the datasets for regression
problems. RBF follows with an average error of 19.34, while GENETIC ranks third with an
average error of 19.926. The models ADAM, BFGS, and NEAT exhibit significantly higher
average errors (46.795, 52.648, and 39.42, respectively), with BFGS showing the poorest
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overall performance. A detailed dataset-wise analysis reveals significant differences in
the models’ performances. In the AIRFOIL dataset, GNN demonstrates exceptionally low
error (0.001), proving to be highly suitable for this problem. Similarly, the RBF model
performs well in problems such as BASEBALL and BL, recording errors of 93.02 and 0.013,
respectively. In the CONCRETE dataset, GNN once again excels with an error of 0.004,
and in the HOUSING dataset, it achieves a substantially lower error (14.79) compared to
the other models, highlighting its adaptability to high-complexity data. ADAM exhibits
significant performance variability, with extremely high errors in datasets such as STOCK
(180.893) and REALESTATE (186.778), but relatively better performance in problems like
MORTGAGE (9.24). NEAT shows similar instability, with high errors in datasets such as
LASER (0.084) and TZ (0.098), while performing relatively well in PY (0.075). GENETIC,
although ranked third overall, performs moderately in problems like HOUSING (43.26)
and STOCK (3.881) but shows good performance in datasets like PLASTIC (2.791). RBF
displays comparable instability, achieving low errors in problems such as BL (0.013) but
significantly higher errors in datasets like PL (2.12). The comparison of models highlights
GNN’s superiority in most cases. GNN’s lower errors in datasets such as LASER, STOCK,
and TREASURY suggest that this model is particularly well-suited for problems requiring
precision in continuous variables. RBF proves reliable in selected problems but with greater
variability. ADAM and NEAT appear to face more constraints, particularly in datasets with
high dimensionality or noise. This analysis underscores the necessity for careful selection
of the appropriate regression model, considering the specific characteristics of each dataset.
While GNN emerges as the best overall performer, the other models demonstrate strengths
in specific applications, making their use suitable under particular conditions.

The statistical comparison between the used methods for the classification datasets is
depicted in Figure 6 while for the regression datasets is graphically outlined in Figure 7.

The statistical analysis conducted using the Wilcoxon Test (Figure 6) to compare the
models from Table 5 reveals significant differences in performance, as evidenced by the
extremely low p-values. The p-value is an indicator of the probability that the observed
differences in performance between models are due to random factors, with values below
the conventional threshold (e.g., 0.05) being considered statistically significant. In this
analysis, all p-values are exceptionally low, indicating that the differences between GNN
and the other models are statistically robust. The comparison between GNN and ADAM
yielded a p-value of 9.1 × 10−13, indicating that the probability of the observed differences
being random is nearly zero. This result highlights the clear superiority of GNN over
ADAM. Similarly, the p-value of 2 × 10−11 for the comparison between GNN and BFGS
demonstrates that GNN achieves significantly lower errors than BFGS, confirming the
latter’s inferior performance. The analysis of the pairs GNN and GENETIC (p = 5.2 × 10−9)
and GNN and NEAT (p = 5.7 × 10−10) indicates that although the GENETIC and NEAT
models have specific strengths in individual datasets, their overall performance does not
approach that of GNN. The differences are statistically significant, clearly establishing GNN
as the superior choice under the conditions examined. Lastly, the comparison between
GNN and RBF (p = 1.8 × 10−8) demonstrates that GNN also outperforms RBF, despite
RBF showing strong results in selected datasets. This analysis provides a comprehensive
view of GNN’s superiority, not only in terms of average error but also from a statistical
perspective, confirming that the performance differences are not products of random
variations in the data. This substantial differentiation underscores the value of GNN as a
particularly effective model for classification problems and highlights the need for further
exploration of the structure and characteristics that contribute to its performance. Moreover,
it reinforces the importance of applying statistical techniques such as the Wilcoxon Test to
make informed decisions when comparing different machine learning algorithms.
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Figure 6. Statistical comparison between the used methods for the classification datasets. Every
method is denoted with different color.

Figure 7. Statistical comparison between the used methods for the regression datasets. Every method
is denoted with different color.

In Figure 7, the comparison between GNN and ADAM yields a p-value of 0.0011,
indicating that GNN demonstrates significantly better performance than ADAM. Although
this value is higher than the others, it remains statistically significant, underscoring GNN’s
superiority in terms of error rates. The difference between GNN and BFGS is even more
pronounced, with a p-value of 2.8× 10−7, signifying that GNN outperforms BFGS with very
high statistical power. The p-values for the comparisons of GNN with the models GENETIC
(p = 3.9 × 10−5), NEAT (p = 5.5 × 10−5), and RBF (p = 0.013) further strengthen the evidence
of GNN’s superiority. While RBF appears to exhibit relatively better performance than the
other models compared with GNN, the p-value of 0.013 indicates that the difference is still
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statistically significant and supports the preference for GNN. These results confirm GNN’s
superiority in regression problems concerning its overall performance, suggesting that
the lower error rates it achieves are not due to random factors but reflect its effectiveness.
This analysis highlights the importance of using statistical tools like the Wilcoxon Test
to evaluate the performance of machine learning algorithms and emphasizes the need
for a tailored model selection process, taking into account the specific characteristics of
each problem.

4. Conclusions
The article highlights a novel methodology for training artificial neural networks

using Backus-Naur Form grammars combined with Grammatical Evolution. This approach
provides a structured framework for defining and optimizing neural network architectures,
enhancing their adaptability and performance across various problem domains. The pro-
posed three-phase process includes parameter specification, evolutionary optimization
of parameter bounds, and final training with specialized optimization algorithms. The
methodology demonstrates strong versatility and achieves high performance across di-
verse architectures such as recurrent neural networks and convolutional neural networks,
handling both classification and regression tasks effectively. The use of Backus-Naur Form
grammars constrains the parameter search space, reducing computational complexity and
mitigating risks associated with local minima or suboptimal solutions. The experimental
findings reveal that GNN outperforms traditional optimization methods, including ADAM,
BFGS, and GENETIC, consistently achieving lower error rates. This result highlights the
effectiveness of the proposed method in initializing and optimizing network parameters.
GNN’s generalization capabilities and adaptability to different datasets further under-
score its potential in real-world applications requiring precision and reliability. The results
confirm that the lower error rates achieved by GNN are not due to random factors but
reflect the robustness of the method. Future explorations could extend the methodology
to more complex deep learning architectures, including transformers and graph neural
networks, where the dimensionality and complexity of parameters are significantly higher.
Dynamic and non-stationary environments such as real-time data streams and adaptive
control systems present another promising area of application.

Incorporating the methodology into neural architecture search frameworks could
automate the discovery of optimal architectures, leveraging Backus-Naur Form grammars
to balance exploration and exploitation efficiently. Multimodal data scenarios that combine
textual, visual, and auditory inputs could also benefit from this approach by enabling
hybrid architectures capable of processing diverse information types effectively. Addressing
scalability concerns through parallel and distributed computing frameworks could enable
the method to handle large-scale datasets and complex architectures. Domain-specific
grammars tailored to particular problem types, such as time-series forecasting or anomaly
detection, could further refine the applicability and efficiency of the method. Combining
the evolutionary optimization process with gradient-based techniques could provide a
hybrid approach, enhancing convergence speed while maintaining flexibility in exploring
the parameter space.

Empirical studies across broader datasets and theoretical investigations into the conver-
gence properties and computational complexity of the method would offer deeper insights
into its strengths and limitations. The methodology represents a significant advancement in
neural network training, offering robust adaptability and precision across diverse applica-
tions. Its potential for scalability, domain-specific customizations, and hybrid optimization
approaches underscores its relevance for addressing increasingly complex and dynamic
challenges in machine learning.
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