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SAZETAK

Genetsko programiranje predstavlja evolucijsku
tehniku koja omogucuje automatsko stvaranje
programa, pravila ili logi¢kih stabala pogodnih
za donoSenje odluka u razli¢itim domenama. Za
razliku od neuronskih mreza, koje cesto postizu
visoku toc¢nost, ali nisu dovoljno interpretabilne,
genetsko programiranje daje rezultate u obliku
eksplicitnih logickih izraza i uvjetnih struktura
koje je moguce razumjeti i analizirati. Glavni
doprinos rada je u prikazu kako se ovom
metodom mogu razviti razumljive strategije
odluc¢ivanja, ¢ime se omogucuje transparentno
tumacenje odluka u kontekstu slozenih problema.
Kao ilustrativni primjer razmatra se klasifikacija
zahtjeva za kredit, gdje su ulazni atributi
definirani kao zaposlenje, kreditna povijest,
dugovanja i dob klijenta. Evolucijom logickih
stabala dobivaju se strategije koje ne samo

da ucinkovito razlikuju rizi¢ne od pouzdanih
kandidata, ve¢ i zadrzavaju jasnoc¢u u objasnjenju
kriterija odlu¢ivanja. Time se potvrduje prakticna
primjenjivost genetskog programiranja i
naglasava njegov potencijal u podrucjima gdje je
jednako vazna prediktivna to¢nost i razumljivost
same odluke.

Kljucne rijeci: genetsko programiranje, strategije
odlucivanja, klasifikacija, interpretabilnost,
logicka stabla

ABSTRACT

Genetic programming is an evolutionary
technique that enables the automatic creation

of programs, rules or logic trees suitable for
decision-making in different domains. Unlike
neural networks, which often achieve high
accuracy but lack interpretability, genetic
programming provides results in the form of
explicit logical expressions and conditional
structures that can be understood and analyzed.
The main contribution of the work is in the
presentation of how this method can be used

to develop understandable decision-making
strategies, which enables a transparent
interpretation of decisions in the context of
complex problems. As an illustrative example, the
classification of loan requests is considered, where
the input attributes are defined as employment,
credit history, debts and age of the client. By
evolving logic trees, strategies are obtained

that not only effectively distinguish risky from
reliable candidates, but also maintain clarity in
the explanation of decision criteria. This confirms
the practical applicability of genetic programming
and emphasizes its potential in areas where
predictive accuracy and comprehensibility of the
decision itself are equally important.

Keywords: genetic programming, decision
strategies, classification, interpretability, decision
trees
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1. UVOD
1. INTRODUCTION

Data-driven decision-making is a central

aspect of contemporary computer science and
artificial intelligence. Developing methods that
provide not only high predictive accuracy but
also interpretability of decisions is increasingly
important in areas such as finance, medicine,
resource planning, and decision support
systems. Traditional methods, such as statistical
models and machine learning algorithms,

have significantly improved classification and
prediction capabilities [1, 2]. However, many of
these methods suffer from interpretability issues,
as they generate models that are difficult to
explain to end users or domain experts [3].

Neural networks, particularly deep architectures,
have become standard across many domains due
to their high efficiency [4, 5]. However, their
structure is often described as a “black box”, as it
is extremely difficult to decompose the network’s
decisions into simple, human-understandable
rules [6]. This lack of interpretability can be
problematic in domains where decisions have
significant consequences, such as credit scoring,
medical diagnostics, or legal systems [7].

Given these challenges, there is growing interest
in methods that combine predictive power with
interpretability. Genetic Programming (GP), a
subfield of evolutionary computation, provides

a natural framework for such an approach.

Based on the idea of automatically evolving
computer programs through biologically inspired
operations, GP enables the creation of solutions in
the form of logical expressions, decision trees, or
other human-readable structures [8]. This makes it
possible to develop models that are both effective
and easily comprehensible.

In the financial sector, interpretability is critically
important, as decisions directly affect individuals
and institutions. For example, the classification
of loan applications is a typical problem where a
balance between accuracy and transparency must
be found [9]. When decisions rely on opaque
models, users may lose trust in the system, and
regulators may demand explanations that “black
box” models cannot provide [10]. Genetic
Programming, due to its ability to evolve logical

rules, is well suited to such tasks, as it produces
solutions that can be translated into clear
conditions and decision-making strategies.

Beyond finance, Genetic Programming is

also applied in medicine, where it enables the
construction of diagnostic rules that are more
comprehensible to physicians than complex deep
learning models [11]. It is also used in robotics
and planning, where interpretable behaviour
policies facilitate the verification and control
of complex systems [12]. This broad range

of applications confirms that GP is not only
theoretically appealing but also a practically
valuable tool in domains where decision
transparency is essential.

The objective of this paper is to demonstrate how
Genetic Programming can be used to develop
interpretable decision-making strategies and to
illustrate its practical application through a case
study of credit application classification. By
evolving logical trees, it is possible to generate
rules that combine various input attributes and
produce decisions that are both accurate and easy
to interpret.

In this way, GP stands out as a method that can
enhance the acceptability of artificial intelligence
systems in environments where decisions must

be both accurate and explainable. In comparison
with neural networks and other machine learning
methods, Genetic Programming has distinct
advantages and limitations. Neural networks
perform exceptionally well when large numbers of
input examples are available and when the primary
goal is high predictive accuracy, particularly

in nonlinear and high-dimensional problems.
However, they require longer training times, are
sensitive to the choice of hyperparameters, and
generally do not provide explanations for their
decisions. In contrast, Genetic Programming
naturally constructs models in the form of logical
expressions or decision trees, allowing complete
interpretability and straightforward explanation of
the criteria on which a decision is based. Therefore,
deep learning methods are more suitable when
high accuracy is the priority and large datasets are
available, whereas Genetic Programming is more
appropriate in domains where transparency and
comprehensibility of decisions are as important as
accuracy.
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2. GENETSKO PROGRAMIRANJE
2. GENETIC PROGRAMMING

Genetic programming represents an evolutionary
method that automatically generates program
solutions in the form of expressions, logical,

and syntactic structures. It is typically used for
program optimization and evolution, in which

a population of candidate programs undergoes
iterative processes of selection, crossover,

and mutation until the algorithm’s termination
condition is satisfied (Figure 1).

[ Initialization }

[ Evaluation

Evolutionary operators

|—> [ Selection ]
N
Termination & ¢
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[ Mutation ] —
Yes
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.

Slika 1 Opci oblik algoritma genetskog programiranja [§].

Figure 1 General form of a genetic programming algorithm

[8].

GP begins with initialisation, that is, the creation
of a randomly generated initial population of
solutions. These solutions are generally of low
quality, so throughout the evolutionary process,
over multiple generations, the operators of
selection, crossover, and mutation are repeatedly
applied with the aim of gradually improving the
population and approaching the optimal solution.

In the selection process, a chosen mechanism (for

example, tournament selection [13]) is used to
select higher-quality solutions from the existing
population. These then proceed to subsequent
stages of evolution, thereby increasing the
likelihood that their traits (genes) will be passed
on to the next generation. After selection comes
crossover (recombination), in which two parent
solutions are combined by exchanging genes (e.g.,
subtrees) to create potentially better offspring.

An example of crossover (recombination) in GP
is shown in Figure 2. By randomly replacing
subtrees of two parents (x + 3.0) — x

and (x * x) / 2.0, anew solution (child)
with the expressionx * x / 2.0 - x is
created. In this case, the new solution was
generated by replacing the “+” node of the first
parent with the root node “/” of the second parent.

Finally, the mutation operator randomly alters

a selected part of the solution (in this case,

a subtree). Mutation introduces additional
variability into the population and helps the
algorithm avoid local optima, thus preventing
stagnation in regions of the solution space that
do not lead to a global optimum. The probability
of mutation is typically set to a relatively low
value, as an excessive mutation rate causes overly
frequent random changes and slows convergence,
turning the evolutionary process into an almost
random search.

The evolution of expressions can yield simple
functions for data approximation or rules for
classification. However, in practice, GP is not
limited to optimising mathematical expressions
and logical conditions; it may also be used

for generating source code. This approach is
demonstrated in [14, 15], where GP is employed

Parent 1

Slika 2 Primjer krizanja (rekombinacije) rjesenja u genetskom programiranju.

Figure 2 An example of crossover (recombination) of solutions in genetic programming.
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as a mechanism for the evolutionary generation
of source code for compilers and interpreters of
domain-specific languages.

Genetic programming can be further accelerated
by combining global evolutionary search with
local optimisation techniques. One approach

is memetic algorithms, in which, after each
crossover or mutation, candidates are further
improved through local search within the solution
space, reducing the number of generations
required for convergence. Additionally, heuristic
adaptations of operators may be used, such as
selectively focusing mutations on promising
substructures or restricting tree size to expedite
evaluation. The use of adaptive local search,
where the intensity of optimisation is adjusted
according to candidate quality, and the reuse

of successful subtrees, further reduces the time
needed to identify high-quality solutions. These
approaches collectively enable more efficient
evolution with fewer evaluations and faster
improvement of the population.

3. RAZVOJ STRATEGIJE
ODLUCIVANJA ZA KREDITNE
ZAHTJEVE

3. DEVELOPMENT OF DECISION-
MAKING STRATEGY FOR CREDIT
APPLICATIONS

Below, we illustrate how genetic programming
can be applied to a simplified version of the credit

application classification problem. The aim is to
evolve a logical tree that, based on a given set
of input data, determines whether an application
should be accepted or rejected.

Tablica 1 Parametri za odobrenje kreditnog zahtjeva.

Table 1 Parameters for credit application approval.

Parameter | Description | Possible values

P t
A ermanen 1 —Yes, 0—No
employment

Positi .
051t?ve credit I~ Yes, 0 No
history
Current debt 1 —Yes, 0 —No

Under 25 years
of age

1 —Yes, 0 —No

When approving a credit application, the values
of the binary parameters described in Table 1 are
taken into consideration. Additionally, to ensure
that the developed strategy for approving credit
applications aligns with the bank’s established
business practices, Table 2 contains records of
some previously processed credit applications.

For example, client 11 has an ideal profile. He
is employed (A=1), has a positive credit history
(B=1), no debts (C=0), and is not under 25 years
of age (D=0). His credit application is approved
(1). The same applies to client 12, who is under
25 years of age, but all other characteristics are
positive, so his application is also approved.

In contrast, client 4 has no permanent employment

A B Tablica 2 Dosadasnja
C D praksa banke pri
Client (Permanent (Credit (Debt) (Young) Approved odobravanju kreditnog
employment) history) zahtjeva.
1 0 0 0 0 0 Table 2 The previous
2 0 0 0 1 0 practice of the bank
3 0 0 1 0 0 when approving a
4 0 0 1 1 0 credit request.
5 0 1 0 0 1
6 0 1 0 1 1
7 0 1 1 1 0
8 1 0 0 0 1
9 1 0 0 1 1
10 1 0 1 1 0
11 1 1 0 0 1
12 1 1 0 1 1
13 1 1 1 0 1
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(A=0), no positive credit history (B=0), has debts
(C=1), and is under 25 years of age (D=1). Due to
this combination of factors, his credit application
is rejected (0). To develop the optimal strategy,
each potential solution must be tested against
each of the 13 cases listed, with the most effective
solution (strategy) being the one that aligns with
the bank’s established practice most frequently.

To arrive at a high-quality solution (strategy)
using GP, it is first necessary to define an
appropriate representation for the candidates. In
genetic programming, this is most commonly a
tree structure (Figure 3). At the top of the tree

1s the conditional statement IF, whose branches
represent the expressions in the THEN and ELSE
sections. Within the tree, logical operators ==, =,
&& and || are used, while the leaves of the tree are
terminals, which may be problem variables (A, B,
C and D) or constants (0 and 1).

Slika 3 Vizualizacija stabla za izraz IF (A || B) THEN (C &&
D) ELSE A.

Figure 3 Visualization of the expression tree for the
statement IF (A || B) THEN (C && D) ELSE A.

During the algorithm’s initialization, a random
population of 50 individuals (strategies) was
created. Each individual is represented by a
tree structure similar to that shown in Figure

3. Each strategy is then evaluated separately
using examples from Table 2, with accuracy

in classifying individual input data examined.
The number of correctly classified examples
constitutes the quality measure (fitness) of each
strategy.

Selection is then performed based on this
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measure. In this case, tournament selection of
size 2 was used: two strategies are randomly
chosen from the population, and the tournament
winner (the strategy with higher fitness) enters the
parent pool for the next generation. This approach
increases the likelihood of reproduction for
superior solutions while maintaining diversity.

The next step is crossover (recombination). Two
selected parents are combined so that, in the first
tree, a randomly chosen subtree is replaced by a
subtree from the second parent (Figure 2). This
process produces offspring inheriting different
parts of the structures from both parents.

After crossover, mutation may occur with a
probability of p = 0.2. Mutation is performed
by replacing a randomly selected subtree with a
newly generated random tree.

Elitism was applied in each generation: the best
individual from the previous generation is directly
transferred to the new population, ensuring the
preservation of the highest-quality solution.

The process of selection, crossover, mutation,

and elitism is repeated until the new population
of 50 individuals is filled. This evolutionary

cycle continues for a predetermined number of
generations (50 in this case) or until a strategy
that correctly classifies all examples from the data
set is found.

4. REZULTATI
4. RESULTS

In the experimental section, it was established that
there are many optimal solutions (strategies) for
the given problem. Thus, Example 1 presents one
possible strategy obtained in the 21% generation.
Primjer 1 Prva optimalna strategija za odobrenje zahtjeva

za kredit.

Example 1 The first optimal strategy for approving a loan

application.

(IF (CIF (CC1 & B) || Cc 1=D)))
THEN
((1 == D) & (A !'= 0))

ELSE
IF (1 || 1)
THEN
(1 &8 1)
ELSE
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(1==D) !=0Q))

THEN

(1 ==A
ELSE

(B & (0 || B)) || (IF (1)
THEN

0
ELSE

B || (B !=B)))

If the logical expression from Example 1 is
simplified, its C++ equivalent appears as follows:

bool strategija(bool A, bool B, bool C, bool D)
{
return B || (A & (D || !O));

}

The displayed strategy provides accurate results
for all clients in Table 2. For independent
verification, the strategy can be tested on three
randomly selected examples, clients 3, 6, and 11:

« Client 3: A=0, B=0, C=1, D=0 — B || (A &&
(D || 1C))=0 || (0 && (0 || 0)) = 0. Correct.

* Client 6: A=0, B=1,C=0,D=1 > 1] ...=1.
Correct.

e Client 11: A=1,B=1,C=0,D=0 — 1 || ... = 1.
Correct.

Experiments also showed that parameter D
(under 25 years of age) is not necessarily
significant in the decision strategy. For example,
the strategy in Example 2 also yields correct
results for all 13 clients in Table 2, without
considering the client’s age.

Primjer 2 Druga optimalna strategija za odobrenje zahtjeva
za kredit.

Example 2 The second optimal strategy for approving a loan
application.

IF (((0 == Q) == (0 == A)))

THEN
IF (CA [] 0))
THEN
(B && Q)
ELSE
B
ELSE
(0 == 1) || CCIF (A)
THEN
D
ELSE

(Al @ == ] 1)) ] (1s&&A |l
(C == 0))))

The simplified C++ equivalent of Example 2 is as
follows:

bool strategija(bool A, bool B, bool C) {

return (A ==C) ? B : (A || 'Q);

}

If this strategy is also tested on the same clients 3,
6, and 11, the following results are obtained:

e Client 3: A=0, B=0, C=1, D=0 — (A==C) ? B :
(AI'C) = (0==1)? 0 : (0]|0) = 0. Correct.

e Client 6: A=0, B=1, C=0, D=1 — (A==C) ? B :
(A|!C)=(0==0)?1:..=1. Correct.

e Client 11: A=1, B=1,C=0, D=0 —» (A==C) ? B
S(AI'C)=(1==0)?1: (1]|1) =1. Correct.

Although both strategies yield accurate results
for all 13 clients in Table 2, the question arises
whether they will always produce the same
outcome in new, previously unevaluated cases.
For example, for new client 14 (A=0, B=1, C=1,
D=0), the two strategies produce different results:

* S1->B||(A&&D|!C)=1]...=1
(Approved credit application)

e S2 - (A==C)?B : (A|!C)=(0==1)?1:(0]|0)
=0 (Rejected credit application)

The simpler strategy (S2), although more
transparent, may overlook certain parameters

and thus incorrectly classify unseen examples.
Therefore, it is advisable in practice to test on
additional data to assess the true robustness and
general applicability of the developed strategy for
the given problem.

5. ZAKLJUCAK
5. CONCLUSION

In this paper, we have demonstrated how GP can
be used to develop decision-making strategies
that, in their initial form, often appear highly
complex and difficult to interpret. However,
GP-generated expressions can be simplified into
logical rules that are easily interpretable. Using
the example of credit approval, we observed
that simplified patterns can be extracted from
evolved trees, clearly linking variables such as
employment, credit history, and indebtedness with
the final decision.
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The results indicated that different strategies may
describe the given data set equally well, yet their
reliability varies when applied to new cases. This
highlights the need for a larger amount of input

(test) data to ensure that the final strategy achieves

maximal precision.

The primary contribution of this work is to show
that GP enables the development of models
which, although initially formally complex, can
be reduced to comprehensible and explainable
decision-making rules. Future research would
benefit from investigating the behaviour of such
approaches on larger and more realistic data
sets, developing procedures for automated tree
simplification, and applying GP in domains
beyond finance, such as medicine or education.
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