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The article examines the impact of genetic algorithm parameters on the efficiency of solving the constrained
resource allocation problem under scenario-based economic conditions. A discrete optimization model is considered,
incorporating a set of alternatives, budget constraints, and logical dependencies between decision components. An
experimental sensitivity analysis of the main algorithm parameters is conducted, including population size, crossover
and mutation probabilities, elitism degree, and constraint-handling mechanisms. The study identifies the patterns of
parameter influence on convergence and search performance, enabling the development of well-founded strategies
for tuning evolutionary methods in complex economic environments.
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Y cTarTi npeAcTaBneHo KOMMIeKCHe AOCiMKEHHS BNAMBY NapamMeTpiB reHETUYHOIo a/IropUTMy Ha eDEKTUBHICTb
MOro 3aCToCyBaHHS [AN8 pPO3B’3aHHS 3a4ad  Po3nofily O0OMEXEHMX pPecypciB Yy CLEHapHO-OPIEHTOBAaHMX
€KOHOMIYHMX YMOBaX. PO3IISIHYTO ANCKPETHY ONTUMI3aLifiHy MOAESb, Y AKIA piLleHHS (hOPMYIOTLCS 3 ypaxXyBaHHSM
OIOKETHUX, NOTIYHUX Ta CLUEHapHUX obMeXeHb, a OyHKLiT NprbyTKOBOCTI 3MIHIOITLCA 3a/1€XHO Bif, MOX/IUBUX
CTaHiB EKOHOMIYHOrO cepegoBuia. OCHOBHa MeTa AOC/IIKEHHA NONArae y BUAB/EHHI 3aKOHOMIPHOCTEN BNAWBY
OKPEeMWX MapameTpiB rEHETUYHOMO a/ITTOPUTMY Ha AWMHaMIKY MOro 36bXHOCTI, 6asiaHc MK AOCNIAKEHHSM NPOCTOPY
PilLEHb | NOKANbHUM YAOCKOHA/IEHHSIM, a TaKOX Ha CTabifIbHICTb Ta SIKICTb OTPUMAaHNX pelynbratiB. MeTogosnoris
po6OTU TIPYHTYETbCA HA BMKOPWUCTAHHI €BOOLIAHMX MNPUHLMMIB ONTUMI3aLii, KOAWM NOonynasuis 3aKkogoBaHUX
pilleHb eBOMOLIOHYE Nif, Ai€0 MeXaHi3MiB Bif6OpY, kpocoBepa, MyTaLii Ta enitTuamy. 15 OuiHIBaHHSA YyT/IMBOCTI
anropuTMy NPOBELEHO CEPito EKCNEPUMEHTIB, Y MEXax SKUX CUCTEMATUYHO BapitOBa/INCA Taki OCHOBHI NapameTpu,
AK PO3Mip nonysnAui, iIMOBIPHICTL KpocoBepa, IMOBIPHICTb MyTaLji, YyacTka et Ta crnocid 0bpobkn obMexeHb
(wTpadhHmii abo BigHOBNOBa/IbHMIA). OTpUMaHi pe3ynbTaTy 3acBigunan, Wo KIHYOBUMI YUHHUKAMU €(PEKTUBHOCTI
€ IMOBIpHICTb MyTaLlii Ta 06paHMii MexaHi3aMm 06pOOKM 0OMEXEHb, SIKi BU3HaUYalTb 3AaTHICTb a/iropuTMy 36epiratu
PiI3HOMaHITTA mony suii Ta YHMKaTW nepefyacHoi KOHBepreHujii. BcTaHOBNEHO, WO NOMIpPHUA po3Mip nonysuii
3a6e3neyye OonTYMasibHE CRIBBIAHOLIEHHS MiX SIKICTHO MOLIYKY Ta 06YMCAOBasIbHUMMW BUTPaTamu, a HU3bKMIA
piBeHb eniTu3My Crnpusie NiATPUMAaHHIO eBOMOLAHOT AMHaMiKM. AHaui3 TakoxX Nokasas, LU0 BM/IMB NapaMeTpiB Mae
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B3aEMO3JIEXHWIA | HENIHIHWIA XapakTep. [pakTuyHe 3HaYeHHs AOCNIMKEHHS NoNsrae y (QOpMyBaHHiI peEKkOMeH L il
040 BMOOPY NapaMeTpiB reHETUYHOMO a/IfopUTMY A/15 3a4a4 CTPaTeriyHoro njiaHyBaHHsA Ta po3nogily pecypcis y
b6araTocLeHapHNX yMoBax HeBM3HAYEHOCTI. BU3HaueHi napamMeTpuyHi 3akOHOMIPHOCTI MOXYTb Oy TW BUKOPUCTaHI Ans
NiABULLEHHS €CPEKTUBHOCTI CUCTEM NIATPUMKM YNPaB/iHCbKMX PilleHb, OPIEHTOBAHNX Ha EKOHOMIYHE NMPOrHO3YyBaHHS

Ta ONTUMI3aLito iIHBECTULAHNX CTpATETIA.

KniouoBi cnoBa: reHeTUYHW A asropuTM, €BOMIOLHA ONTUMI3aLis, CLEHapHE MOAEOBaHHS, pO3nogin
0GMEXEHMX PECYpCiB, MapaMeTpuyHa YyT/IMBICTb, MEXaHi3MU 0BMEeXeHb, CTpaTeriyHe njiaHyBaHHS, EKOHOMIYHA

epeKTUBHICTb.

Formulation of the problem. Modern
economic systems operate in a dynamic
environment characterized by limited resources,
uncertainty of external factors, and the need to
make strategic decisions under multi-scenario
conditions. In such contexts, a key challenge
lies in finding the optimal allocation of limited
financial, material, or intellectual resources
among alternative development directions while
considering potential changes in economic
scenarios. Traditional methods of mathematical
programming often prove inefficient due to the
complexity of objective functions, the presence
of logical constraints, and the nonlinear nature of
interactions between the problem’s parameters.

Evolutionary algorithms, particularly the
genetic algorithm, have gained wide application
in solving such problems due to their ability
to find near-optimal solutions in complex
multidimensional spaces. However, their
performance strongly depends on the proper
tuning of parameters such as population size,
crossover and mutation probabilities, elitism
degree, and the selected constraint-handling
mechanism. The absence of universal guidelines
for choosing these parameters complicates the
use of genetic algorithms in practical economic
models, where parameterization directly affects
both the quality of results and the speed of
convergence.

Thus, the scientific problem arises — the need
for a comprehensive analysis of the impact of key
genetic algorithm parameters on its performance
under conditions of scenario-based economic
uncertainty, which determines the relevance of
the conducted research.

Analysis of recent research and
publications. In modern studies of genetic
algorithms, there is an intensive development
of approaches related to parameter adaptation,
hybridization with other evolutionary methods,
and improving problem-solving efficiency under
complex conditions.

In the work of Shelekhov I. and Dziuba O. [1],
the influence of hybrid algorithm parameters on
the efficiency of training decision support systems
was analyzed. The authors demonstrated

that population size, mutation probability, and
waiting period significantly affect convergence
and optimization accuracy, while the selection
of optimal parameters enhances training speed
and the quality of synthesized solutions.

Bazhan S. [2] investigates the application
of stochastic processes in genetic algorithms,
particularly the use of alternative encoding
methods such as Elias gamma and delta codes,
Golomb codes, and Rice codes. The study
demonstrates that employing modified encoding
techniques enhances the search for the global
optimum and improves the efficiency of hybrid
genetic algorithms when solving optimization
problems under stochastic conditions.

In the study by K. Li et al. [3], a Two-
Archive Evolutionary Algorithm (C-TAEA)
for constrained multi-objective  optimization
was proposed. The method is based on two
archives — one convergence-oriented and the
other diversity-oriented — enabling a balance
between convergence and exploration of the
solution space. This approach proved effective
for complex resource allocation problems, where
accuracy and robustness are equally important.
Similar results were obtained by B.-C. Wang et
al. [4], who proposed a compositional differential
evolution approach with adaptive combinations
of mutation strategies, improving convergence
stability and search efficiency in constrained
optimization tasks.

F. Zaman et al. [5] focused on a hybrid
approach that combines the genetic algorithm
and differential evolution for dynamic economic
allocation problems. Automatic  switching
between the methods ensures stable result
quality across different model types, while the
introduction of a solution “repair” mechanism
enhances convergence speed and optimization
accuracy.

The work of V. Kharchenko and O. Kurdenko [6]
provides a fundamental approach to constructing
an economic model of constrained resource
allocation under conditions of scenario-based
uncertainty. The authors formulated a stochastic
model that integrates the profitability and risk of
each alternative by introducing a risk-aversion
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coefficient to balance expected return and
acceptable risk level. The proposed constraint
structure encompasses not only resource and
interval conditions but also logical and structural
dependencies between alternatives, reflecting
real managerial and financial limitations.

Modern studies therefore demonstrate a clear
trend toward enhancing the efficiency of genetic
and evolutionary algorithms through adaptive
parameter tuning, hybridization of methods, the
use of stochastic models, and resource-oriented
strategies, as shown in works by Y. Tian et al. [7]
and J. Zou et al. [8].

Highlighting previously unresolved
parts of the overall problem. Despite the
considerable number of studies, the relationship
between genetic algorithm parameters and its
performance within scenario-based economic
models remains insufficiently explored. Most
existing works focus on technical or continuous
optimization problems, whereas discrete
formulations with logical constraints and multiple
environmental development scenarios have not
yet been analyzed in sufficient detail [3; 7].

The issue of the combined influence of
population size, crossover and mutation
probabilities, elitism level, and constraint-
handling mechanisms (penalty/repair)
also remains insufficiently addressed.
Therefore, further research is required on the
comprehensive parameterization of genetic
algorithms specifically for economic resource
allocation problems under uncertainty.

Formulation of the article's objectives. The
purpose of this article is to investigate the impact
of genetic algorithm parameters on the efficiency
of solving the constrained resource allocation
problem under scenario-based economic
conditions, where the performance of solutions
depends on the variability of external factors
and possible market development scenarios.
The study considers a generalized economic
model of strategic financial resource distribution
among alternative investment directions, taking
into account budgetary and logical constraints.
Particular attention is paid to examining the
parameters that determine the dynamics of the
evolutionary search — population size, crossover
and mutation probabilities, elitism level, and the
constraint-handling mechanism of the “penalty”
or “repair” type. The objective of the research
is to identify the patterns of influence of these
parameters on convergence, stability, and
solution quality, as well as to determine optimal
parameter ranges that ensure the best balance
between search speed and accuracy.

Thus, this study is aimed at developing
methodological foundations for adaptive
tuning of genetic algorithms for scenario-
based economic problems, where optimization
efficiency depends on the interaction between
population characteristics and environmental
uncertainty conditions.

Summary of the main material. The genetic
algorithm is one of the fundamental methods
of evolutionary optimization that simulates the
process of natural selection and hereditary
variation. Its main idea lies in the gradual
improvement of a population of potential solutions
through the selection of the best individuals,
recombination of their properties (crossover), and
the introduction of random changes (mutation).
Each solution is represented as a chromosome
containing a set of genes (problem parameters)
that encode the allocation of limited resources
among alternative options. Owing to this
structure, the algorithm can efficiently explore
a vast solution space even in the presence of
complex or discrete constraints.

The principle of operation is based on a step-
by-step evolutionary cycle: an initial population
is first generated, after which each chromosome
is evaluated using a fitness function. Based
on this evaluation, selection occurs — more fit
solutions have a higher probability of being
passed to the next generation. Next, crossover
operators (with probability p.) are applied to
combine genes from two parents, and mutation
operators (with probability p, ) modify individual
genes to maintain diversity. Elitism ensures that
a portion of the best solutions (e% ) is preserved
unchanged, which enhances convergence
stability.

The mathematical model of the problem [6] is
formulatedasataskofallocatingalimitedresource
among a set of alternatives A={a,,a,,....a,}.
Each alternative is characterized by the required
amount of funding x; within the permissible

interval | x/,x™ |. The main constraint is the

adherence to the budget condition: Zx, <B,

where B denotes the total available res’olurce.
In addition to the budget constraint, the model
accounts for two types of logical constraints:
requires dependencies (the implementation
of one alternative is possible only if another is
present) and incompatible conditions (preventing
simultaneous funding of two alternatives).
Furthermore, the problem incorporates a
scenario-based structure — optimistic, neutral,
and crisis states of the economic environment —
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which differ in their expected profitability levels [6].
For each scenario s with occurrence probability
p, the profitability r, of each alternative i is
defined. The objective function represents the
weighted average expected profit:

F(X) = Zps X irisxi ’ (1)

which must be maximized while satisfying all
constraints. To compute the fitness function, two
constraint-handling mechanisms are applied:
penalty and repair [3; 7]. In the penalty method,
a penalty term is added to the objective function,
reducing the value of F(X) proportionally to the
degree of constraint violation:

f(X)=F(X)-AxP(X), 2

where A is the penalty (risk-aversion)

coefficient, and P(X) is a function representing
the degree of constraint violation.

The repair mechanism is used to correct
infeasible individuals that violate one or
more feasibility conditions, such as budget
or logical constraints. Its main purpose is to
restore solutions to the feasible space without
completely removing them from the population,
thereby preserving the accumulated evolutionary
information [5].

Formally, let X =[X,,x,,...,x,] be a potential

n

solution satisfying the condition ZX,. <B. In this
i=1

case, a normalization transformation is applied:

—i=12,...,n, 3
Zl;zlxl' ( )
which proportionally reduces all elements X,
to ensure compliance with the budget constraint.
For logical constraints of the requires and
incompatible types, an operational check is
applied:

R(X)={ %

x; =0, if(x; X, )isanincompatible pair.

X; =X; X

=0, if x;requires x; but x; =0,

(4)

In cases where both alternatives are active
and violate the incompatibility constraint, the
one with the higher local fitness value (f, >f;) is
retained:

' ' (X,'lo)l f;>f]1
(x,.,xj)= (5)

(0.x;), <1,
If, after correction, the chromosome still
does not satisfy the feasibility conditions, the
procedure is repeated iteratively until the state

X' e Q is reached, where Q denotes the set of
feasible solutions.

The general implementation structure
includes population initialization, fitness function
evaluation, selection, application of crossover
and mutation operators, and the formation of
a new population with consideration of elitism.
The experimental study examines the ranges
of the main parameters — population size N,
crossover probability p., mutation probability
p,, and elitism rate e. Their combination
determines the balance between search intensity,
convergence speed, and the algorithm’s ability
to avoid local extrema.

Within the experiment [9], a scenario-based
investment budget allocation problem under
economic uncertainty was considered (Table 1).
The total budget amounted to 100,000 monetary
units, which had to be optimally distributed
among ten potential projects with different
funding intervals, profitability levels, and logical
dependencies. The objective was to maximize
the weighted average expected profit across
three market development scenarios: optimistic
(30%), neutral (50%), and crisis (20%).

The model includes a budget constraint
as well as logical relationships: requires — the
implementation of a website is possible only if a
CRM system exists, and the data center upgrade
is allowed only after the purchase of servers;
incompatible — it is impossible to simultaneously
develop an in-house Al analytics system while
outsourcing, or to combine entering the EU
market with logistics expansion.

To evaluate the impact of genetic algorithm
parameters on problem-solving efficiency, a
series of experiments was conducted in which four
main characteristics were systematically varied:
population size, crossover probability, mutation
probability, and elitism rate. The population size
was set to 30, 100, and 200 individuals, allowing
a comparison of convergence speed and
solution diversity in small and large populations.
The crossover probability was varied within 0.2,
0.6, and 0.95 to assess the balance between
the intensity of genetic material recombination
and the risk of losing local stability. The mutation
probability was examined at three levels — 0.01,
0.10, and 0.30 - to identify the optimal balance
between global exploration and the precision
of local refinement. The elitism rate was set
at 1%, 5%, and 15%, enabling an analysis of
how preserving the best individuals affects the
stability and speed of the evolutionary process.

In addition, two approaches to constraint
handling were compared: the penalty method,
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Table 1
Project parameters in the scenario-based model
Ne Project kmln, max, Optimistic Neutral Crisis
m.u. | km.u.
1 |New website 5 20 15 1,0 0,2
2 |CRM system 8 15 1.8 11 0,1
3 |Al analytics development 10 25 2,2 15 0,5
4 | Analytics outsourcing 6 10 1,0 0,8 0,1
5 |Entry into the EU market 7 15 1,4 1,2 0,6
6 |Logistics expansion 5 10 1,6 1,0 -0,2
7 |Data center upgrade 9 18 2,0 1,3 0,3
8 |Server procurement 10 20 2,5 1,8 0,8
9 |Marketing campaign 8 15 1,9 1,4 0,4
10 |Mobile application 6 12 1,2 0,9 -0,1

Source: formed by the authors

results in

scenario-based resource allocation

which adjusts the objective function value
according to the degree of constraint violation,
and the repair method, which automatically
corrects infeasible solutions to return them to
the feasible domain. As a result of combining
all parameters, 162 experimental scenarios
were generated, each evaluated according
to three criteria — the best, median, and worst
values of the objective function. This approach
enabled a comprehensive examination of
the interdependencies among algorithm
parameters, the assessment of their impact on
convergence stability, and the identification of
parameter combinations that deliver the best

150

140

130

problems.

The overall convergence dynamics of the
evolutionary algorithm, presented in Figure 1,
reveal two characteristic phases: rapid initial
adaptation followed by gradual stabilization.
During the first 10-15 generations, most
configurations exhibited a sharp increase
in fitness values, indicating effective initial
recombination of genetic material. However,
after 25-30 generations, the convergence
trajectories began to diverge: some runs reached
local maxima and remained within them until the
end of evolution, while others continued to show

GA convergence comparison

120( /)

Best fitness value

tiol!]

100

V910 20 30 40

50 60 70 80 90 100

Generation

Fig. 1. GA convergence comparison
Source: formed by the authors
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gradual improvement up to generations 70-90.
This behavior reflects the influence of population
size and mutation rate on the depth of solution
space exploration — small populations with low
mutation rates tend to experience premature
convergence, whereas larger populations ensure
broader coverage and sustain a longer phase of
productive search.

The analysis of three representative
convergence trajectories (Fig. 2) confirms this
pattern. The best run achieved a fitness level
of 141.54, resulting from a large population
(200 individuals) and a moderate mutation

rate (0.10), which provided a balance between
stability and diversity. The median configuration,
with a smaller population and higher crossover
probability, demonstrated comparable quality
but required more generations to stabilize.
The poorest result (127.95) corresponded to a
combination of low parameter values and the
penalty-based constraint-handling mode, in
which the algorithm discarded part of potentially
viable solutions.

Further analysis showed that increasing the
population size (Fig. 3) significantly reduces the
variance of results and enhances convergence

145 - Comparison of the Best, Median and Worst launches
140 = === S B B e
2
= 135
>
g 130
[dam]
7 125
aa]
120 -
1 15 1 | | 1 1 1 | | 1 ]
0 10 20 30 40 50 60 70 80 9 100
Generation
Best (141.54) - Pop=200, pc=0.2, pm=0.1, Elit=1, Mode=penalty
= == Median (140.93) - Pop=30, pc=0.6, pm=0.3, Elit=1, Mode=repair
-------- Worst (127.95) - Pop=30, pc=0.2, pm=0.01, Elit=1, Mode=penalty
Fig. 2. Comparison of the Best, Median and Worst launches
Source: formed by the authors
0 Parameter Impact: “Npop” on final fitness
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Fig. 3. Impact of population size
Source: formed by the authors
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stability. Large populations establish a balance
between exploration and exploitation of the
solution space, whereas small ones exhibit
high variability and a greater likelihood of
becoming trapped in local optima. The mutation
probability (Fig. 4) proved to be critical for
avoiding stagnation: at p, =0.01, convergence
slowed and frequent local traps were observed,
while at p, =0.1, the algorithm maintained a
balanced trade-off between search and stability.
Excessive mutation (p, =0.3) increased
variability, which at times disrupted the process
of local refinement.

The impact of crossover probability was
moderate: values of 0.6 and 0.95 provided

smoother and more reliable convergence
compared to 0.2, where the process was highly
dependent on the initial population. The elitism
parameter had a secondary yet noticeable effect.
Preserving 5% of the best individuals offered the
best balance between stability and flexibility,
whereas too small a fraction (1%) increased
the risk of losing high-quality solutions, and an
excessive one (15%) reduced the population’s
adaptation speed.

Special attention should be given to the
comparison of constraint-handling mechanisms
(Fig. 5). The penalty mode exhibited higher result
dispersion and a tendency toward efficiency
loss under high constraint density, whereas

142F i
140
138
136
134+
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Best final fitness value

130+

128}

Parameter Impact: “pm” on final fitness

0.01

0.1 0.3
pm

Fig. 4. Impact of mutation probability

Source: formed by the authors
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Fig. 5. Impact of constraint-handling mechanisms
Source: formed by the authors
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the repair method demonstrated consistently
higher performance and lower variability. This
can be explained by the fact that repair directly
restores solutions to the feasible region without
reducing their fitness, which is particularly
important in problems involving numerous
logical constraints [3; 5].

On the three-dimensional surfaces (Fig. 6), a
clear relationship between population size and
mutation rate can be observed: in the repair
mode, the region of high fithess values is broader
and more stable, whereas in the penalty mode,
a noticeable decline occurs for small populations
and low mutation levels [7/; 8].

Summarizing the results, it can be stated that
the most effective combination of parameters for
the scenario-based resource allocation problem
is: Npop =200, p, =0.6,p,,=0.1, an elitism

rate of 5%, and the repair mode. Such settings
provide not only high accuracy and convergence
stability but also greater resistance to local
optima, which is critically important in multifactor
economic scenarios.

At the final stage of optimization, the
evolutionary algorithm generated a solution that
satisfies all specified constraints and achieves
the maximum fitness value of 141.54 thousand
monetary units. The optimal portfolio includes
six out of ten possible projects: Ne 2, No 3,
Ne 5, Ne 7, Ne 8, and Ne 9. The total expenditure
amounts to exactly 100 thousand monetary units,
meaning the budget was fully utilized — indicating
efficient allocation of available resources without
exceeding financial limits.

Mode=Repair(fixed pc=0.6, elit=5)

141.5
4
W o
é 1£11¢11.14£51- 141.45
E lﬁlgg 1414
w
14125 14135
R Vi)
141.15 141.3
027 2000 141.25
0.1 0050
om T 1412
Npop

The solution was obtained with parameters
Ny, =200,p, =0.2,p,, =0.1,

elit=1, using the penalty mode. Despite
the application of the penalty method, the
algorithm successfully satisfied all constraints.
The total execution time was 83.96 seconds for
all 162 runs, indicating the high computational
efficiency of the implemented genetic approach
with a large population size.

Thus, the obtained solution is not only
formally correct but also economically sound,
as it demonstrates an optimal balance between
resource utilization and expected profit within
the defined scenario constraints.

Conclusions. Summarizing the research
results, it can be concluded that the efficiency
of evolutionary methods for solving constrained
resource allocation problems under scenario-
based economic conditions strongly depends
on the tuning of algorithm parameters. The
most significant impact on the stability and
accuracy of results is exerted by population size,
mutation probability, and the constraint-handling
mechanism. Increasing the population size
improves solution reproducibility and reduces
the risk of premature convergence, while the
optimal mutation rate (around 0.1) ensures a
balance between global exploration and local
refinement. The repair mode demonstrated
clear advantages over the penalty approach,
as it guarantees constraint satisfaction without
discarding potentially effective solutions.

The obtained results confirm that even in
complex scenarios with logical dependencies

Mode=Penalty(fixed pc=0.6, elit=5)

1415
141

2 %ﬁ 1405

]

E 140] 140

= 139 139.5

= 139,

2 138 139
gg 138.5
03 138

137
pm

Fig. 6. Interaction between population size and mutation rate
Source: formed by the authors
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and probabilistic economic conditions, the
genetic algorithm is capable of generating
valid and economically sound solutions by
employing a flexible combination of evolutionary
operators. The practical value of this study

lies in identifying parmeter patterns that can
be used to adapt evolutionary algorithms for
strategic planning, investment analysis, and
resource allocation tasks under multi-scenario
uncertainty.
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