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Abstract

Portfolio selection, a cornerstone of financial engineering, focuses on optimizing asset
allocation to maximize returns while minimizing risk. While Markowitz’s mean-
variance model is foundational, its reliance on unrealistic assumptions, such as perfect
market conditions, limits its practical utility. Notably, it overlooks real-world
constraints like cardinality (limiting the number of assets) and floor-ceiling (restricting
allocation ranges). To address these issues, this study extends the classical model by
incorporating these constraints, transforming it into a mixed-integer quadratic problem
that requires advanced algorithms for solutions. Among metaheuristic approaches,
genetic algorithms are favored for balancing solution quality and computational
efficiency. However, standard genetic algorithms face challenges in managing
complex constraints. This paper introduces a novel crossover operator to enhance the
algorithm’s performance, applying it to the S&P 100 dataset. Results confirm the
proposed method’s effectiveness in generating high-quality solutions, underscoring its
potential for practical portfolio optimization.
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1- Introduction

Investment plays a crucial role in the finance industry and has a significant influence on economic
growth. Through capital market investments, investors can not only grow their wealth but also
safeguard it against inflation-related losses, ensuring long-term financial stability (Bagheriyan et
al., 2023; Fooeik et al., 2022; Ghanbari et al., 2022). There are numerous strategies investors can
use to allocate their wealth in the capital market. Obviously, an effective investment strategy seeks
to maximize returns while minimizing the risk of loss, ensuring a balanced approach to wealth
growth and risk management (Abdollahi Moghadam et al., 2019; Aguilar-Rivera et al., 2015;
Mohammadi et al., 2022; Sabar et al., 2018). Portfolio selection is one of the most common
investment strategies for spreading the risk of an investment, which was first introduced by
Markowitz (1952). In his classical work, Markowitz presented the mean-variance portfolio
selection model which became a new paradigm of portfolio construction for investors by forming
a portfolio as a bi-criteria optimization problem with a tradeoff between risk and return (Soleimani
et al., 2009). In the last few decades, portfolio selection has drawn the attention of researchers and
practitioners alike, and by technology advancements as well as the rise of computing power it is
still a developing topic (Ghanbari et al., 2023).

Although the basic Markowitz mean—variance model has theoretical elegance and great
significance, it is still met with skepticism among investment practitioners. This is mainly because
the traditional portfolio selection model is simplified with unrealistic assumptions that are of little
use in practice (Sadjadi et al., 2012). The Markowitz mean-variance model assumes a perfect
market with no transaction costs or taxes, in which short selling is not allowed, but assets are
infinitely divisible and therefore can be traded in any (non-negative) fraction (Lwin and Qu, 2013;
Woodside-Oriakhi et al., 2011). However, in real-world scenarios, investors often face constraints
such as cardinality and floor and ceiling (quantity) constraints. These constraints are valuable to
investors and are considered by them in the actual portfolio selection process (Anagnostopoulos
and Mamanis, 2011; Chang et al., 2000; Deng et al., 2012; Mitra et al., 2003). Although by
considering additional criteria in the selection process, the new portfolios may be less profitable
or riskier on the one hand, but on the other hand these new portfolios beat the old portfolios in
other aspects that are important for investors. Therefore, to address these limitations, this paper
extends the mean-variance portfolio selection model by incorporating cardinality and floor-ceiling
(quantity) constraints. The cardinality constraint ensures that the portfolio includes a specified
number of assets, while the floor-ceiling constraint regulates the allocation to each asset, restricting
it within predefined bounds.

The great importance of the cardinality constrained portfolio selection problem has motivated
many researchers to investigate different techniques to solve this problem. Some researchers have



proposed various exact approaches to solve the portfolio selection problem with cardinality
constraints (Bertsimas and Shioda, 2009; Bienstock, 1996; Borchers and Mitchell, 1994; Frangioni
and Gentile, 2006; Gulpinar et al., 2010; Lee and Mitchell, 1997; Li et al., 2006; Shaw et al., 2008;
Vielma et al., 2008). Nevertheless, these exact techniques are ineffective when applied to large-
scale problems because they may fail to find an optimal solution in a reasonable amount of time,
however, the solution to this problem with a sufficiently small number of variables can be solved
by quadratic programming.

Extending the portfolio selection problem with cardinality constraint alone already transforms
the classical quadratic optimization model to a mixed-integer quadratic problem which has been
shown that belongs to the class of NP-hard problems (Bienstock, 1996; Moral-Escudero et al.,
2006; Shaw et al., 2008). Since mixed-integer quadratic problem are hard to solve optimally, many
researchers have applied different approximate algorithms such as meta-heuristics and hybrid
meta-heuristics to the constrained portfolio selection problem (Chang et al., 2000, 2009; Crama
and Schyns, 2003; Deng et al., 2012; Fernandez and Gomez, 2007; Golmakani and Fazel, 2011,
Jobst et al., 2001; Kellerer et al., 2000; Kendall and Su, 2007; Mansini and Speranza, 1999;
Maringer and Kellerer, 2003; Schaerf, 2002; Shoaf and Foster, 1996; Soleimani et al., 2009;
Speranza, 1996; Woodside-Oriakhi et al., 2011; Yu et al., 2006; Zhu et al., 2011). It is important
to note that meta-heuristics cannot guarantee that a solution will be optimal, but they are effective
in finding the optimal or near-optimal solutions in a reasonable time frame.

In recent years, several methods based on artificial intelligence have been applied to solve the
portfolio selection problem. Among them, the genetic algorithm as a biologically inspired
algorithm is one of the most widely used methods to improve the results of the constrained
portfolio selection problem (Bavarsad Salehpoor and Molla-Alizadeh-Zavardehi, 2019; Doering
et al., 2019; Kalayci et al., 2019). Genetic algorithms are stochastic, heuristic techniques based on
the natural selection principles that can deal with many types of problems (D. Lin et al., 2005).
The first application of the genetic algorithm to the basic mean-variance model was done by Shoaf
and Foster (1996). In their paper in 1996, they found that the time complexity of the genetic
algorithm is approximately O(nlog n) and is better than that of quadratic programming. After
Shoaf and Foster (1996), many researchers have proposed genetic algorithms to solve the portfolio
selection problem.

Chang et al. (2000) used genetic algorithms, tabu search, and simulated annealing to solve the
portfolio selection problem with cardinality constraints. Lin and Liu (2008) proposed a genetic
algorithm with three different models for portfolio selection problems with round lots. Chang et
al. (2009) used the genetic algorithm to compare their heuristic approach to portfolio optimization
problems in different risk measures with the mean-variance model under cardinality constraints.
Soleimani et al. (2009) solved Markowitz’s portfolio selection problem with three additional
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constraints (minimum transaction lots, cardinality constraints, and market capitalization) using a
genetic algorithm. Sabar et al. (2018) introduced a multi-population genetic algorithm
methodology to solve portfolio selection problems more effectively and more efficiently. Mittal
and Srivastava (2021) proposed a constrained mean-variance-skewness portfolio optimization
problem with an uncertain environment and solved it using an improved genetic algorithm.
Konstantinou et al. (2022) presented a consistent and effective hybrid optimization scheme (sonar
inspired optimization algorithm and genetic algorithm) for solving portfolio optimization problems
with cardinality constraints. Experimental results showed that genetic algorithms perform better
than other heuristic algorithms such as simulated annealing and tabu search. However, the standard
genetic algorithm is not without its shortcomings, particularly when handling the complexity of
constrained portfolio optimization.

To overcome these limitations, this paper proposes a novel crossover operator designed to
enhance the genetic algorithm’s performance, enabling it to generate high-quality solutions. This
enhanced algorithm is then applied to the extended portfolio selection problem, using the S&P 100
dataset for empirical testing. The study focuses on the mean-variance portfolio selection model,
incorporating two of the most widely used constraints: cardinality and floor-ceiling (lower and
upper bounds). These constraints ensure the portfolio contains a predefined number of assets while
restricting asset allocations to specific limits, reflecting realistic investment conditions.

The rest of this paper is structured as follows. Section 2 provides a detailed explanation of the
expanded portfolio selection model, including the incorporation of cardinality and floor-ceiling
constraints. In Section 3, we introduce the enhanced genetic algorithm, describing its novel
crossover operator and how it is applied to solve the proposed model. Section 4 presents the
experimental setup, along with the computational results obtained from testing the algorithm on
the S&P 100 dataset. Finally, Section 5 offers concluding remarks and outlines potential directions
for future research.

2- The Proposed Model

The portfolio selection problem, a fundamental challenge in financial decision-making, focuses on
the optimal allocation of wealth across a set of available assets. This problem was first introduced
by Markowitz (1952) in his pioneering work, where he assumed that investors are generally risk-
averse. To address the inherent tradeoff between risk and return, Markowitz proposed the mean-
variance model, which seeks to minimize portfolio risk (measured by variance) while targeting a
specific desired level of return. This model revolutionized modern portfolio theory and laid the
foundation for portfolio optimization, becoming a cornerstone of financial economics.

As discussed in this paper, we focus on an extended version of the mean-variance model that
incorporates additional constraints to reflect real-world investment limitations. Specifically, we



address the cardinality constraint, which limits the number of assets in the portfolio, and the floor
and ceiling (lower and upper bounds) constraints, which regulate the allocation to each asset. These
constraints are among the most commonly used in portfolio selection (Metaxiotis and Liagkouras,
2012). Therefore, our approach builds on these extensions to create a more realistic and practical
framework for portfolio optimization. The extended mean-variance model with these constraints
is defined as follows (Chang et al., 2000):

Parameters:

N: The number of available assets

u;: Expected return of asseti (i = 1,2, ..., N)

o;;- Covariance between asset i and asset j (i = 1,2,..,N;j =1,2,...,N)
R*: The given expected return

K Desired number of assets to be hold in the portfolio

[;: Minimum proportion of asseti (i = 1,2, ...,N)

u;: Maximum proportion of asseti (i = 1,2, ..., N)

Variables:

w;: Proportion of asseti (i = 1,2, ..., N)
Z;: The status of asset selection (Z; = 1 if asset i is chosen to be held, otherwise Z; = 0)

Proposed Model:

N N
Minimize Z Z W; Wj 0y (D)

i=1j=1
Subjected to:

iwi K =R* @
1;1
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izi =K ()

i

LZ; < w; < uZ; i=12..,N (5)
Z, ={0,1} i=12..,N (6)
0<w; <1 i=12..,N @)
0<lL<u<1 i=12..,N ©)

Equation (1) aims to minimize the total variance (risk) of the portfolio, while equation (2) ensures
that the portfolio achieves the desired level of return. Equation (3) guarantees that the entire budget



is fully allocated across the selected assets. Equation (4) describes the cardinality constraint, which
limits the number of assets held in the portfolio, while equation (5) describes the floor and ceiling
(quantity) constraints which sets the proportion of assets held between a given range [l;, u;]. The
decision variable Z; in equation (6) represents the selection status of each asset, indicating whether
an asset is included in the portfolio or not. Equation (7) emphasizes the fact that the proportion of
assets must not be negative, which means that short selling is not allowed, and equation (8) defines
variable ranges for asset proportions.

In multi-objective models, it is often impossible to optimize all objective functions
simultaneously. Therefore, to address this issue it is needed to give priority to some objectives
over others by using methods such as weighted sum approach. The weighted sum method
combines multiple objectives into a single objective function by assigning a weight to each,
reflecting their relative importance. As can be seen in equation (9), the quadratic objective function
balances two competing objectives—return maximization and risk minimization—through a
weighting parameter (1). This parameter allows for a flexible trade-off between risk and return,
depending on the investor's risk aversion.

N

i=1j=1

Subjected to:

iwi _, (10)
v
Z Z =K (1)

<w; < wZ i=12..,N (12)
Z; ={0,1} i=12,.,N (13)
0<w; <1 i=1,2,..,N (14
0<L<uy<1 i=12..,N (15)

The A weighting parameter, which balances risk and return, reflects the investor's risk aversion and
is assigned different values between 0 and 1. Clearly, the sensitivity of the investor to the risk
increases as A increases from zero to one. When A1 = 1, the investor adopts a highly conservative
approach, with the objective function focused solely on minimizing risk. Conversely, when 4 = 0
the investor is highly aggressive, prioritizing return maximization with no consideration for risk.
For values of 0 < A < 1, the parameter achieves a trade-off, allowing for a balance between risk

and return, depending on the investor’s specific risk tolerance.

3- Utilizing Genetic Algorithm



Genetic algorithms are among the most widely studied and applied approaches in the evolutionary
algorithm literature. They have demonstrated remarkable success in solving complex optimization
problems and have received increasing attention over the last few decades. Genetic algorithms,
originally introduced by Holland (1975), can be described as a heuristic search and optimization
technique based on the famous Darwinian principle of natural selection and the well-known phrase
“survival of the fittest”. In essence, individuals who are better adapted to their environment have
a higher likelihood of surviving and reproducing, while less adapted individuals are gradually
eliminated.

The genetic algorithm simulates these processes by taking an initial population of individuals
and applying genetic operators to each reproduction. In this algorithm, an initial population
consisting of chromosomes (several feasible solutions) is randomly generated. In the context of
portfolio selection problems, each individual or “chromosome” in the initial population represents
a potential solution, where the genes of the chromosome correspond to the proportions of assets in
the portfolio. The initial population is typically generated randomly to ensure diversity in the
search space. Once the initial population is formed, parents are selected based on their fitness to
produce offspring, leading to a new generation that combines characteristics of both the parents
and offspring. The fitness of each chromosome is evaluated using a fitness function, which
measures how well the solution meets the objective of the optimization problem. In portfolio
selection, this function typically reflects how well a given portfolio balances risk and return.

The genetic algorithm relies on two main operators—crossover and mutation—to introduce
diversity and improve the quality of solutions in each generation. Crossover combines the genetic
material of two parents to produce offspring, while mutation introduces random changes to
individual chromosomes to explore new areas of the solution space. In each generation, the quality
or desirability of the chromosomes (solutions) is evaluated using a fitness function derived from
the objective function of the model. The higher the fitness value, the closer the solution is to
optimizing the objective. The selection operator then ensures that chromosomes with higher fitness
values have a greater probability of being selected for reproduction, increasing their likelihood of
appearing in the next generation. This mechanism drives the algorithm toward progressively better
solutions over time. The basic steps of a simple genetic algorithm can be summarized as follows
(Chang et al., 2000):



Generate an initial population
Evaluate fitness of individuals in the population
Repeat:

Until a satisfactory solution has been found.

Select parents from the population

Recombine (mate) parents to produce children using cross over and mutation operators
Evaluate fitness of the children

Replace some or all of the population by the children

Figure 1. Structure of a simple genetic algorithm

In this section, we introduce the proposed genetic algorithm designed to address the portfolio
selection problem under cardinality and floor-ceiling constraints. The algorithm follows the
general framework of evolutionary algorithms, leveraging selection, crossover, and mutation

operators to explore the solution space and optimize the portfolio’s risk-return balance. The
selection strategy and novel crossover operator have been carefully developed to ensure efficient
search and high-quality solutions. Below, we outline the details of the selection process and the
specific rules governing the proposed crossover operator.

The selection strategy is determined as follows:

Evaluating The fitness of individuals in the population using the fitness function.

Sorting the population regarding the fitness values.

The top half of the fittest individuals are automatically passed on to the next generation.
Selecting parents randomly from the current population.

Each pair of parents produces offspring using crossover and mutation operators.

These offspring, which constitute the remaining half of the population, then proceed to the
next generation. In this way, the next generation is formed by combining the fittest
individuals with the newly generated offspring.

The crossover operator proposed in this paper is a novel approach, drawing inspiration from the
RAR operator introduced by Radcliffe (1991). The rules governing this crossover process are
outlined as follows:

1.

If both parents contain a specific asset in their portfolios, then that asset is transferred to
the child’s portfolio, with its allocation being randomly assigned between the values from
the two parents.

2. If neither parent includes a specific asset, that asset will not be included in the child’s

portfolio.



3. If one parent holds a specific asset while the other does not, the final value of that asset in
the child’s portfolio is randomly assigned between having it or not (Note: If the cardinality
constraint (K) has already been reached, the asset will not be assigned to the child’s
portfolio).

Throughout the crossover process, all constraints are dynamically monitored to ensure the child’s
portfolio remains feasible. If a constraint is violated, the portfolio is repaired, and the crossover
operation is repeated until a valid solution is generated.

As part of the proposed genetic algorithm, a reparation process is applied to ensure the
portfolio remains feasible, particularly in cases where the sum of asset proportions does not equal
1, which is a key constraint in portfolio selection. If the sum of proportions is less than 1, the
difference between the sum and 1 is added to the chromosome with the largest asset proportion.
Conversely, if the sum of proportions exceeds 1, the surplus is subtracted from the chromosome
with the smallest asset proportion, provided that this chromosome’s value is at least equal to the
gap. This reparation step ensures the portfolio remains balanced and meets the total investment
constraint, preserving the feasibility of each solution.

Crossover
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Figure 2. An example of (a) crossover operation and (b) reparation operations that are used in the proposed genetic
algorithm

Section 4 will verify and validate this genetic algorithm implementation and provide further
explanation of the genetic algorithm’s operation and model aspects.

4- Computational Results

In this section, we first introduce the experimental setup, including the definition of experiments
and parameter settings. Following that, we present the experimental results of the proposed genetic
algorithm in detail, along with a comprehensive comparison to the exact mixed-integer quadratic
programming solver.

4.1- Definition of Experiments



To evaluate computational results for a specific problem category, it is important to have
benchmark datasets available for researchers to compare the efficiency of their algorithms and the
quality of their solutions. The most commonly used publicly available datasets for portfolio
selection problems are provided by Beasley
(http://people.brunel.ac.uk/~mastjjb/jeb/orlib/portinfo.html). This dataset includes weekly prices
from March 1992 to September 1997, along with covariance matrices and expected return vectors
for different stock market indices. Our proposed algorithm was tested on this well-known publicly
available benchmark problem using weekly prices from the US S&P 100 index between March
1992 and September 1997, and compared against the exact mixed integer quadratic programming
solver in GAMS. The proposed genetic algorithm was implemented in Python and ran on a
personal computer with an INTEL CORE i7-2630QM CPU @ 2.00GHZ.

4.2- Parameters Setting

This subsection outlines the parameter settings used in the proposed genetic algorithm. Those
familiar with heuristic algorithms will know that assigning parameter values is often necessary and
an essential part of the solution approach for the specific problem. In this section, we explain how
to arrive at the parameter values by testing several different values using selected data sets. The
parameters that needed to be decided for the proposed genetic algorithm were population size,
probabilities of crossover, and mutation rates. The results indicated that our genetic algorithm
converged after more than 60 iterations, with the best possibilities of cross-over and mutation rates
being 0.8 and 0.3, respectively, and the population size performed acceptably at 100. The best
parameter values for all algorithms are presented in Table 1 and were kept constant for all instances
to test the techniques' robustness and scalability.

Table 1. Genetic algorithm parameter setting

Parameters Tested Range Suggested Values
Cross over rate 0.1-0.9 0.8

Mutation rate 0.1-0.9 0.3
Population size 50-200 100

4.3- Experimental Results

This subsection presents experimental results demonstrating the accuracy and efficiency of our
proposed genetic algorithm. To achieve this, we conducted two sets of experiments aimed at
evaluating the algorithm’s effectiveness in identifying practical optimal portfolios. We then
compared the results of the genetic algorithm with those obtained from the model implemented in
GAMST software. In the first set of experiments, the lower and upper bounds for the asset
proportions were setto [; = 0.05 and u; = 0.40, respectively. In the second set, these bounds were

 General Algebraic Modeling System (GAMS)
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adjusted to [; = 0.05 and u; = 0.75. Cardinality constraints were imposed by setting K to 5, 10,
and 12, based on expert opinions and observations from various datasets that supported these
values. This configuration led to the creation of six experimental scenarios, and the results of the
proposed genetic algorithm for each scenario are presented below.

Table 2. The results of experiments for the proposed genetic algorithm with K = 5,10, and 12 across different
floor and ceiling constraints

K l; u; Objective Function w;

K=5 l; =0.05 u; = 0.40 8.05468993 wy =0.080  wg, =0.364
Wi, = 0.227 wge = 0.118
wy, = 0.214 -

l; =0.05 u; = 0.75 7.93751583 wyy =0.060  wg, =0.317
wi, = 0.090  wge = 0.181
Wy, = 0.355 -

K =10 l; =0.05 u; = 0.40 6.82982376 w, = 0.099 wys = 0.094
wy =0.119 wye = 0.061
ws, = 0.124  wg, = 0.158
w3 = 0.066 wge = 0.107
Wy, = 0110  wez = 0.060

l; =0.05 u; = 0.75 6.90268329 w, = 0.126 wys; = 0.068
wy =0.089  wye =0.057
w3 = 0.070 wg, =0.113
Wi, = 0.166  wge = 0.115
Wy, = 0124 wg; = 0.073

K =12 l; =0.05 u; = 0.40 6.35234111 w, = 0.091 wy; = 0.072
wy, =0.088  wg; = 0.060
w3 = 0.104  w,¢ = 0.068
ws, = 0.094  wg, =0.116
Wi = 0.069  wge = 0.087
Wy, =0.072  wez = 0.080

l; =0.05 u; = 0.75 6.53988677 w, = 0.084 wy, = 0.093
wy =0.080  w,; =0.075
Wy = 0.062  w,¢ = 0.080
w3 = 0.067  wg, =0.112
ws, = 0.135  wge = 0.083
w36 = 0.050  wy; = 0.078

Figures 3-5 illustrate the convergence performance of the proposed genetic algorithm across all
six scenarios. These graphs depict the algorithm’s behavior over a series of iterations, highlighting
how it progressively approaches the optimal solution. The results show that, in all six scenarios,
the genetic algorithm demonstrates steady convergence toward optimal or near-optimal solutions.
In particular, the algorithm achieves faster convergence in scenarios with tighter upper bounds
(u; = 0.40) and smaller cardinality constraints (K = 5), while scenarios with more relaxed
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constraints (u; = 0.75) and larger K values require a higher number of iterations to reach a stable
solution. Overall, the figures show that the proposed genetic algorithm efficiently balances
exploration and exploitation, converging to high-quality solutions in a reasonable time frame,
regardless of the parameter settings.
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Figure 3. Comparison of the proposed genetic algorithm's converging performance for K = 5 under various floor
and ceiling constraints
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Figure 4. Comparison of the proposed genetic algorithm's converging performance for K = 10 under various floor
and ceiling constraints
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Figure 5. Comparison of the proposed genetic algorithm's converging performance for K = 12 under various floor
and ceiling constraints

In order to verify the accuracy and efficiency of our proposed genetic algorithm, we conducted a
series of computational experiments comparing the performance of our heuristic approach with
the results from the mixed-integer quadratic programming solver in GAMS. The experiments were
designed to assess both the accuracy of the solutions and the computational efficiency of the
proposed algorithm under different conditions. We performed these experiments for all six
scenarios, to reflect different real-world investment conditions. Table 3 presents a detailed
comparison of the numerical outcomes obtained by both the proposed genetic algorithm and the
exact mixed-integer quadratic programming solver.

Table 3. The results of experiments in GAMS and the proposed Genetic Algorithm for K = 5,10, and 12 across
different floor and ceiling constraints

Proposed Genetic

K l; u; GAMS Deviation (%)

Algorithm
K=5 l; =0.05 u; = 0.40 8.1667 8.0546 137 %
l; =0.05 u; = 0.75 8.1997 7.9375 3.19%
K =10 l; =0.05 u; = 0.40 7.4980 6.8298 8.91 %
l; =0.05 u; = 0.75 7.5012 6.9026 7.98 %
K12 I, = 0.05 u; = 0.40 7.1335 6.3523 10.95 %
l; = 0.05 u; = 0.75 7.1335 6.5398 8.32%

The table highlights the objective function values, and the deviation from the optimal solutions.
The results demonstrate that the genetic algorithm consistently produces high-quality solutions
that are very close to the exact method’s outcomes. These findings confirm the efficiency of our
genetic algorithm, especially when dealing with larger, more complex portfolio selection
problems, where an exact solution is computationally expensive or infeasible.

5- Conclusions and Future Research Directions

In this paper, we proposed an enhanced genetic algorithm to solve the mean-variance cardinality-
constrained portfolio selection problem, incorporating novel crossover operators inspired by the
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RAR operator. The complexity of real-world portfolio selection, including cardinality and floor-
ceiling constraints, makes exact optimization approaches such as mixed-integer quadratic
programming computationally expensive, especially for larger problem instances. Our genetic
algorithm aims to provide a practical and efficient alternative for addressing these challenges. The
experimental results demonstrated that the proposed genetic algorithm is not only effective in
generating high-quality solutions but also significantly reduces computation times compared to the
exact mixed-integer quadratic programming solver in GAMS. The algorithm consistently
converged to near-optimal solutions across various scenarios with different cardinality and asset
proportion constraints. This highlights its robustness and applicability in solving large-scale
portfolio optimization problems, where exact methods struggle with scalability.

Finally, two areas are proposed for future research: future work could explore the integration
of additional real-world factors, such as transaction costs or dynamic market conditions, to further
enhance the applicability of the algorithm. Additionally, combining this genetic algorithm with
other metaheuristics or hybrid approaches could provide further improvements in performance and
solution quality.
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