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Abstract. In this article, we present an approach based on the approximation of data by segmen-
tation using the CART algorithm and Genetic algorithms, with a view to constructing an optimal
portfolio-extract of financial assets. This approach generates a surplus of financial gains in terms of
costs, and improves performance by reducing computing loads. This is a three-stage process: the
first is to represent the financial series using a piecewise linear approximation obtained by CART,
where the trend change points are optimally determined by segmentation of the series into periods
of economic regime change. In the second stage, once the segments have been determined, each
segment is represented in the plan (yield, volatility).We then develop an algorithm that selects the
top ten financial assets in the overall portfolio, known as the extracted portfolio, in terms of the
best ratio between return and VaR. In the third step,we apply heuristic optimization algorithms
based on Genetic Algorithms and Particle Swarm Optimization to the extracted portfolio . The
aim of this algorithm is to optimize the weights that will minimize the VaR and maximize the
value of the extracted portfolio.
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1. Introduction

Portfolio optimization has always been a central issue in finance. In this context,
Markowitz pioneered the mean-variance model in 1952, which uses the variance of port-
folio returns from their mean as a measure of risk to facilitate optimal portfolio selection.
However, this model has been widely criticized, particularly for its use of variance as
a measure of risk, the quadratic of the calculations, as well as the objective function
and the normality of returns on financial assets. These criticisms have led to various
attempts to improve the model, or to the development of new models. In this context,
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several models have been developed to lighten the computational load and linearize the
optimal portfolio choice problem,of which the Sharpe [1] and Stone models [2] are the
best known.Alternatively, authors such as Konno, Konno and Yamazaki [3], and Zenios,
Pang and Speranza [4], have suggested that portfolio risk should be calculated in linear
rather than quadratic form, to create linear programming models for selecting an optimal
portfolio, while incorporating asymmetrical risk criteria to simplify optimization. Other
researchers, such as Pedersen and Stchell, have extended a family of risk functions by intro-
ducing a class that encompasses most existing risk measures. However, when Markowitz
[5] established what is now recognized as modern portfolio theory, little effort has been
made to explore improved methods for analyzing the price data used in its mean-variance
framework. Since then, several advances in financial mathematics have enabled us to
better understand these data series, leading to models that are better adapted to reality.
Bayesian parameter estimation approaches based on historical data, such as those by Gar-
lappi et al [6] , Avramov and Zhou [7] and Lai et al [8], have been widely cited and applied
recently. The factor models of Fama and French [9] have also significantly improved on
conventional pricing models based on mean-variance optimization. Selecting assets for a
portfolio is an issue shared by a large number of financial market professionals. financial
markets. The aim is to determine, from among the assets available for investment, the
capital allocation that makes up the best possible portfolio.Since the future is uncertain,
asset returns must be considered as a random vector, and “best” is generally understood
as taking into account both the expected gain and the risk taken.This objective can be
simplified within the framework of modern portfolio theory [5] which formulates the se-
lection problem as a minimization of the estimated variance of the portfolio under the
expected return constraint. However, the optimization implies estimating the expectation
of the asset return vector and its variance-covariance matrix. A wide variety of approaches
have been proposed and practiced by market players to make this estimate. Three main
methodological trends can be identified : fundamental analysis, technical analysis and
quantitative analysis. For our approach, we have proposed the (CART) algorithm for
piecewise linear approximation, where trend change points are determined optimally by
segmenting the financial series into periods of economic regime change.then we consider
that each segment will be represented in the plan (yield, volatility), by choosing the ten
best assets in this portfolio, called portfolio-extract, with the best ratio between expected
returns and VaR, using the algorithm we’ve developed. we then apply heuristic optimiza-
tion algorithms based on Genetic Algorithms and Particle Swarm Optimization to the
extracted portfolio .. This work is organized as follows. In section 1, we present the data
representation methods. Some elements of the approximation method are discussed in
section 2. In section 3, we deal with the choice of method. In section 4, we present the
method for selecting the ten best assets using the algorithm we have developed, and the
Heuristic Optimization Algorithms using genetic algorithms and particle swarm optimiza-
tion to the extracted portfolio . Finally, a numerical application is considered to describe
the performance of our approach.
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2. Representation Methods

In this study, we work with historical daily financial data from multiple asset classes:
equities, indices, interest rates, credit instruments, currencies, and commodities. To mean-
ingfully exploit this raw information, a structured representation of time series is essential.
We chose to represent these time series using piecewise linear approximation, a method
that involves dividing the series into homogeneous segments and modeling their behavior
locally using simple functions (e.g., linear). This approach is particularly suited to the
nature of financial time series, which typically exhibit stable regime phases interspersed
with trend changes. Thus, this method not only simplifies the series but also highlights
the underlying economic regimes, providing a solid foundation for analysis, interpretation,
and portfolio optimization.

2.1. Piecewise Approximation: Principles and Justification

Piecewise approximation is based on the assumption that time series can be divided
into homogeneous periods — that is, subintervals where price behavior remains relatively
stable. This assumption is economically justified: financial assets evolve in environments
that change over time (monetary policy shifts, macroeconomic shocks, crises, recoveries,
etc.), leading to changes in trends or volatility in prices.

This type of method has attracted significant interest in the field of financial analysis
(see [10, 11]), as it enables local modeling of the signal y(t) over k distinct segments. Each
segment is defined by:

Vt € [ti-1,ti], y(t) = fi(t) +ei(?),

where f; is a deterministic function (typically affine), and ¢; is a centered noise. This
representation offers several major advantages:

e It reduces data dimensionality by summarizing each segment with a small number
of interpretable parameters (slope, duration, variance).

e [t provides a structured and economically meaningful view of price evolution, whereas
more global or mathematical approaches (filtering, wavelets, regularization) often
lack interpretability.

o [t facilitates regime break detection by identifying trend change points, which is
essential for financial decision-making.

The main challenge of this method lies not in estimating the segments themselves, but in
detecting the breakpoints — a well-known problem in statistics ([12, 13]). Recent work
([14-16]) has proposed effective solutions, even in the presence of dependent data and an
unknown number of breakpoints. Three main segmentation approaches exist ([12]):

e Sliding window: progressive construction of segments.



Ch. Ahmed Baba, A. Ka Dionque / Eur. J. Pure Appl. Math, 18 (3) (2025), 6025 4 of 19
e Top-down: recursive division of a global segment.

e Bottom-up: recursive merging of elementary segments.

2.2. Why This Method?

The choice of piecewise linear approximation is based on the search for a balance
between accuracy, simplicity, and interpretability :

e Economic interpretability: Unlike other methods (frequency filtering, wavelets,
regularization), this approach allows direct reading of trends, market reversals, and
volatility. Each segment can be interpreted as an identifiable economic or financial
regime.

¢ Relevance to financial data: It is widely acknowledged that financial series go
through periods of stability, interspersed with abrupt or gradual regime changes.
Segmentation allows explicit identification of these breaks ([17]).

e Intuitive modeling: Using linear or exponential functions to model each segment
is natural in finance, and allows each period to be characterized by its trend and
volatility.

e Complexity control: The method allows the number of segments to be adapted
to the desired level of granularity. A penalization criterion can be added to avoid
over-segmentation and maintain an economically usable representation.

2.3. Indexing of financial series

We suggest modeling financial asset time series by estimating local trends. Thus, we
adopt the following model for the price series y(t) of a specific asset: there is a function f
and a centered noise. £(t) such that

y(t) = f(t) +&(b),

Where f is a piecewise affine function, which may not be continuous, and that ¢ is locally
stationary on each segment of f. We will use linear modeling throughout this document,
but the use of a piecewise exponential function, which is also common in finance, does not
constitute an additional difficulty. Notice this model can be considered as a variant of the
Ornstein-Uhlenbeck processes, defined that by

dy(t) = —0(r —y(t))dt + cdB(t),

where B(t) is Brownian motion. We distinguish ourselves from these processes by assuming
the existence of trend changes in f(t) and more over we do not define the noise distribution
a priori. As mentioned previously, the goal of piecewise representation is to efficiently
identify homogeneous periods, i.e., breakpoints.This involves determining, at each point,
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whether it represents a change in trend or simply a fluctuation due to volatility. Our
method will therefore have to divide the series into a number k, unknown in advance,
of segments, Iy = [ty—1,tx] . Furthermore, we want to control the complexity of the
segmentation, since a very fine division would offer a good approximation of the data but
would not provide relevant information on trend and noise. It is therefore necessary to
penalize the criterion, in adequation with the representation to the data, by adding a
complex criterion, such as the number or size of the segments.

2.4. Formulation of an adequation with the representation of the data

Suppose we have n data points {yo, y1,...yn} 0 = to < t1 < tg,... < t;;, = 1 determining
the segments I}, The time can thus be indexed by Ji, (j =0, ..., k), and we note €; = £(j/n)
We observe a noisy signal, composed of linear segments:

V(i =0,..k), yj=f(/n)+e.

The target function f* is entirely determined by its values at the breakpoints: for each

el ok,
() — [ (ti-1)
tj —t;1

Vt € [tj—1,t], f7(t) = f(tj—1) +

with f(t;) = limy_y,1<¢, f(t) .We denote by F the set of piecewise linear functions in which
we will look for the solutions. The quality of an estimated function f* € F is assessed
using its mean square error, or quadratic risk:

1
R(f*) =, [ [ ww-sw)?|a

This risk is estimated statistically from the data by calculating the average of the square
of the residuals, also called empirical risk:

R(f*) = Zjo(y; — f*(5/m))*

To control the complexity of the solution, we add a penalty proportional to the number
k of segments in f*. The final criterion is therefore the empirical risk adjusted by a
regularization:

Rpen(f*,2) = Sj_o(y; — [*(i/n))* + AK,
where A > 0 is a regularization parameter measuring the trade-off between approximation
and complexity. Finally, the optimal function is the one which minimizes the regularized
empirical risk:
[ =argmingcyRpen(f*, ).
When the segmentation is known, the problem reduces to estimating the best line for each

interval, I; from the data. Thanks to the additivity of risk, it is enough to decompose the
empirical risk into k parts:

fr=3 L), with  L(Ly) = ¥ (y; — f*(i/n))”
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The minimization of each L(Ij) is carried out using a regression line estimated by the

least squares method.The function f is defined on each I by
Vt € I, f*(t) = ax + Bt.

Let |Ij| represent the number of data points in the interval Iy
statistical quantities for the data:

fk:% Z J/n,

‘ k‘ j:J/nnel}

1
y_k:’T Z Yjs

k|

jiJ/nnely
1 - _
Vk_m Z (J/n = te)(y; — k),
k j:J/nnely
1 _
st = i > (It
k jiJ/nnely
1 _
up = A > (- )
k j:J/nnely

The regression coefficients are:
ar =k — Btk and By = /si,
and the error resulting from the regression is written:
L*(Iy) = [Tkl (uf =77 /s7)
3. Segmentation by trees

With this least squares regression criterion, we suggest splitti

. We define the following

ng the series using CART.

The CART (Classification and Regression Trees) algorithm, developed by Breiman et al

[18], is a well-known method for recursive binary tree partitio
partitioning, which starts with a single segment and results in
This process consists of two steps.

3.1. Tree construction

ning. This is a top-down
a more detailed partition.

The root of the tree corresponds to the full interval, (I ;) characterized by the error

L*(Iy.1) coming from the least squares regression on this interval. The objective is to find

the best possible division,(Ip1) into two intervals (I3.1) and (I12) which constitute the
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child nodes. The division criterion is the error improvement between the root and child
nodes, that is:

AA{LYIo1,Th1,112) = L*(Ip1) — L*(I1.1) — L*(11.2).

We select the breaking point which maximizes this improvement. At each iteration of the
algorithm, it is therefore a question of exhaustively calculating this criterion A {L} for each
terminal node (undivided interval) and each possible division, then choosing the division
offering the A {L} maximum ”that is, the points at which there is a change in trend”.
We will note I 9r—1 and Iy 9, the child nodes of I;; We thus obtain a series of P
divisions, classified in descending order of improvement, with their corresponding division
points {x;....x,}associated, which are generally not in chronological order. At this step,
the complexity parameter A is not taken into account, because the objective is to build
the entire tree until obtaining the finest partition. In practice, an additional stopping
criterion is defined, such as the minimum size m of the intervals. Thus, in each iteration,
only splits where child nodes containing at least m elements are considered. This stopping
condition helps reduce execution time by immediately eliminating unwanted divisions.

t<x;

Figure 1: Construction of the decision tree using the CART method with four partitioning thresholds
X1, Xa, X3, X4.

3.2. Pruning branches

From the fully constructed tree 7, this step aims to find the optimal subtree T*
minimizing the regularized empirical risk:

Rpen(T, X) = Sye oy L) + AIL(T)]
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where L(T) consists of the leaves (terminal nodes) of the tree 7' and |L(T)| the number
of leaves. The algorithm calculates the number K < P of divisions to keep, ranked in de-
creasing order of error improvement. We fix (A {L}1,...., (A {L},)the improvements of the
error for successive divisions, and, by convention , A ming,_, _ [~ A {Lg} + A(K + 1)].
The break points (if K > 0, ) are then the {x1,...,x,} rearranged in ascending order of
their value.

The complete tree construction provides great flexibility for pruning, which can be eval-
uated without having to repeat the first step. An alternative complexity criterion can
consist of a minimum improvement threshold A {L} in the manner of optimization proce-

dures.
t < x; o t, =%
™
! '._I t< x/ \t.2 e
...... ™ ™
Bom
Figure 2: Pruning using the CART method: partition composed of I, I2,3, and I2 4.
3.3. Input

Let {t1,...,tx—1} and the homogeneous segments {1, ..., I;}, associated, the duration
{71, ..., 7k} of each homogeneous period, the slope {f1, ..., i} for each segment, as well as
the variance of the residuals {vy, ..., v} on each segment, estimated by the L*(Iy 1) higher
order moments, if the size of the segments allows it. To work with comparable quantities
between assets, it is common in the financial field to consider the trend (average return)
and volatility, defined respectively as the slope and the standard deviation in relation to
the price, per unit of time.

1 B
Tk = ——,
Tk Yk
et
1 /v
op = ——

Tk Uk
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We will also refer to each segment as a diet.

We will also refer to each segment as a diet. We examine, from a global perspective, a
set of D assets chosen to represent the market, at a date ¢, and an observation window 1T’
on the data, i.e. the interval [t-T + 1, t]. For each asset d, we propose to perform the
segmentation and keep only the last k segments to reflect the recent behavior and control
the final dimension of the data. We therefore select several vectors of size k:

e. Trends rf = (rk—k-h’ TE) g

o. Volatilities of = (0)_pi1s--0k)g and

e. durations 7 = (Th i1
vector at date ¢ is given by:

.Tk) 4 that we decide to omit at first. The final descriptive
1 D _1 D
X1 = (rpy ey T3 Oy ey O3 )

4. Optimization procedure

Before accessing the optimization procedure, we define some useful concepts relating
to portfolio optimization:

4.1. Profitability and Value Portfolio

We call the return r; of a stock obtained by investing in a stock, the ratio between the
price of the stock at time t and its price at t — 1, plus the income (dividends) received
during the period [t — 1;¢]:

¢t — c—1 +d;
r=—"""
Ct—1

, Where :
e ¢;: The price of the stock ¢ at the end of the period t.

e d;: Dividend income at the end of the period.

The expected return of a stock for a period T is given by:

1 T
HZT;%&

. The profitability of a portfolio consisting of the expected returns of k stocks r;, where
i=1,...,k, is:

k
Ry, = E TiTq
1=1

, Where x1, ..., x, are the proportions of the investor’s wealth allocated to shares ¢ respec-
tively (i = 1,...,k). For a portfolio containing k stocks, its value is given by:

k
V=> -V
=1
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where x1,...,x are the quantities of the investor’s wealth allocated to the shares respec-
tively, and V; is the value of the i*® action. The change in value will obey the following
relationship:

k
AV (z) = Z x; AV
=1

4.2. Risk Portfolio

The risk of a financial asset is the uncertainty regarding the value of that asset at a
future date. Variance, mean absolute deviation, semi-variance, VaR and CVaR are ways
of measuring this risk.

4.2.1. Variance of a portfolio

To compute the variance of a portfolio, we need to get the variance of each asset into it.
The variance of an individual asset measures the dispersion of its returns relative to the
average of returns. It quantifies the degree to which an asset’s returns vary over time.
A high variance indicates that returns are widely dispersed, meaning the asset is riskier,
while a low variance indicates returns are more concentrated around the mean, suggesting
lower risk. Mathematically, the variance (o?) is calculated as follows:

i=1

When n the number of periods (or observations), R; represents the return on the asset in
period 7, and R is the average of the asset’s returns, calculated, as

n

1
R:gZRi.

=1

This formula measures the average of the squares of the differences between each return
and the average of the returns. The variance of a portfolio of financial assets takes into
account not only the variance of returns for each asset, but also the covariance between
assets. The formula for the variance of a portfolio composed of n assets is given by:

n n

2 _ 2 2

oy = E w;o; + E E WiW; 045,
=1

i=1 j#i

Where w; is the proportion of the asset ¢ in the portfolio. , af is the variance of the asset
i,and o0y; is the covariance between assets ¢ and j. The first sum represents the variance
contribution of individual assets, while the second sum represents the effect of covariance
between assets, which can reduce the overall portfolio risk. In summary, diversification
across assets can decrease total portfolio variance.
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4.2.2. VaR of a portfolio

Value at Risk (VaR) is defined as the maximum potential loss in the portfolio value of
financial instruments with a given probability over a certain horizon. Simply, it indicates
how much a financial institution can lose with a certain probability over a given period
[19]. The VaR of assets, for a period ¢ and a probability level ¢, is defined as the expected
loss amount such that this amount over the period [t — 1;¢] should not be greater than the
VaR with probability q.

P[P,;—1 < VaR(t,q)] = q,

Where

e P,y 1 = P,— P,_1: represents the loss (“Loss”) and is a positive or negative random
variable;

e t: is the horizon associated with the VaR;
e ¢: is the probability level, typically 95
VaR depends on three elements:
e the distribution of profits and losses of the portfolio valid for the holding period.
e the confidence level;
e the holding period of the assets.

If the distribution of assets follows a normal distribution,the VAR is given by result:
Pio— E(Pip) < VaR(t, a) — E(Rt,o)) _
< =«
o(Pro) a(Prp)

P[P,y < VaR(t,a)]=a = P <

Va‘R(ta a) — E(iDt,O)
o(Pro)
For a portfolio of n assets with weights w1, ..., ws, if we assume that the value of this
portfolio V' follows a multivariate normal distribution, then the Value at Risk (VaR) of
the portfolio is given by:

=z2q = VaR(t,a) = E(Pip) + 0(Pro) - 2a

VaR(t, o) = =Npy + 2z - / NeS2 2
Where:
e =E(AV), Q=0 (AV), N = (wi,...,wg), zq isthe a-quantile.

The first step in the optimization process is to calculate the expected return of each asset
and its VaR, storing the results in a matrix called MAT.

We have developed an algorithm that selects the best-performing assets in terms of score
(i.e., the highest expected return and the lowest VaR). Considering the sub-portfolio ex-
tracted from the full asset set, we then proceed to apply an optimization algorithm based
on Genetic Algorithms (GA), which we define as follows.
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4.3. Heuristic Optimization Algorithms
4.3.1. Genetic Algorithms (GA)

Genetic Algorithms[20] are optimization methods developed by Holland, based on the
principles of biological evolution. They operate on a population of fixed size, consisting of
candidate solutions called chromosomes. Each chromosome is composed of elements called
genes, which encode a potential solution to the problem at hand. Genetic Algorithms are
iterative search procedures for finding optimal solutions. At each iteration, known as a
generation, a new population is created, maintaining the same number of chromosomes.
This new population is composed of chromosomes that are better adapted to their envi-
ronment, as evaluated by a selection (fitness) function. Over successive generations, the
population evolves towards the optimum of this function.

The algorithm begins by randomly generating an initial population of individuals. To
evolve from generation k to generation k + 1, three genetic operations are repeatedly
applied to the individuals in generation k: selection, crossover, and mutation.

e Selection: This operation selects the best-performing chromosomes based on the
objective function, preserving those with higher fitness.

e Crossover: This operation produces two new “child” chromosomes by combining
two selected “parent” chromosomes.

e Mutation: This operation introduces random modifications by inverting one or
more genes in a chromosome|[21].

Figure 3: lllustration of the operations in a basic genetic algorithm

4.3.2. Application of the genetic algorithm

The algorithm considered in this article is freely implemented by [22],and begins with
the maximization of the ratio of two functions. The numerator represents the change
in value of the sub-portfolio while the denomotor is the associated risk, when respecting
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certain additional constraints. Subsequently, it aims to dynamically maximize the value
of the sub-portfolio. The value obtained must be higher than that of the first step, and
the resulting VaR must be lower than that established initially, while taking into account
other constraints.

In summary, the steps of the algorithm:

1- Initialization

The population consists of chromosomes consisting of n genes representing w; (i =
1,...,n) numbers, where w; is the amount of wealth invested in the ’active i. This popu-
lation is initially generated randomly using real values.

2- Evaluation function

The next step consists of evaluating the chromosomes resulting from the previous
operation using an evaluation function (fitness function), which is essential in the context
of genetic algorithms. The fitness functions applied in this study are as follows:

Under the following conditions:

R, <R,

Pinitial N “WPoptimal
. AV (x)
D = YaR(a0
Under the following conditions:
R, <R, and  VaR(t, @)optimal < VaR(, @)initial

Pinitial > ~“Poptimal

2
and Uoptimal < Oinitial

3- Selection operations

After the population evaluation operation, the best chromosomes are selected using
Roulette selection, which associates a selection probability, denoted P;, to each chromo-
some f. For the maximization problem:

fi
ZjGPop i 7

where f; is the value of the individual’s fitness function 4, which measures the quality of
the candidate solution with respect to the problem objective, and jePop fj is the sum
of the fitness values of all individuals in the population. Each chromosome is reproduced
with a certain probability. Some chromosomes will be “no longer” reproduced while other
”bad” ones will be eliminated.

P =
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4- Crossing operations

After using the selection method to choose two individuals, we apply the one-point
crossover operator between these individuals. This operator divides each parent into two
parts at a randomly chosen position. Child 1 is made up of the first part of the first parent
and the second part of the second parent, while child 2 is made of the second part of the
first parent and the first part of the second parent.

Crossing-over site

I1I0I0I0h
Parents

[T 2T o1 o [NOSINCNCNGN

[+ T o o o [N
Children

S N N R 5 50

Figure 4:

5-Mutation operator

The mutation operator [21] is an operator that allows an genetic algorithm to reach all
points in the state space in a susceptible way, without traversing them all in the solution
process.It which allows the convergence of genetic algorithms towards the global optimum.
This operation consists of randomly replacing a gene in the chromosome by a random
value. This can be chosen in the vicinity of the value initial. It is generally used for
discrete problems. The figure below illustrates this mechanism well.

difficulty in mutation

st rmsome | [T 0 [ 0] L_

Mutant chromosome | 1 | 1 | 0 | 0 1] 1 1 1

Figure 5:

6- Convergence Conditions

At this level, the final generation is considered. If the result is favorable, then the
optimal chromosome is obtained. Otherwise, the evaluation and reproduction steps are
repeated for a certain number of generations, until a population convergence criterion is
reached.
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4.3.3. Particle Swarm Optimization

The Particle Swarm Optimization (PSO) algorithm is an optimization method in-
spired by the collective behavior of birds in flight or fish schooling. Each potential solution
(called a particle) explores the search space by moving according to both its own experience
and that of other particles (i.e., the best solution found by the swarm) [23].

Each particle updates its position (current solution) and velocity based on:

e its own personal best position found so far,
e the global best position found by the swarm,
e random factors that help diversify the search.

PSO is often used for complex continuous optimization problems, such as portfolio al-
location, due to its simplicity, robustness, and speed. We applied it to the ten best-
performing assets that were also evaluated using the genetic algorithm.

5. Results and discussion

The information in question aggregates daily historical prices of assets from various
categories.We, then examine a portfolio composed of 21 financial assets from different
stock exchanges, acquired daily between 01/01/2018 and 01/01/2024. After applying the
procedure described above, we obtain the results of the selected assets '"MSFT’, 'PFE’,
'V, ’MRK’, "AAPL’, ’JNJ’, 'MA’, "GOOGL’, 'T?, and 'UNH’. illustrated in the following
figures :

Figure 6: Result
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Interpretation of Portfolio Optimization Results

Figure 6 provides the interpretation of portfolio optimization results. The dotted
and continuous lines illustrated the optimal portfolio values for the GA with best weight
129.7354 expected and 174.9116 respectively while the circle represents the initial portfolio
value.

e Initial portfolio value: 93.0753

This represents the initial value of the portfolio before any optimization . It is assumed
here that the initial weights were assigned arbitrarily or equally.

e Optimal portfolio value_ 1 (alg_1): 129.7354
e Optimal portfolio value_2 (alg_2): 174.9116
These are two variants of optimized portfolios using the genetic algorithm:

e alg_1 shows an improvement of approximately

129.7354 — 93.0753

93.0753 ~ 39.3%

e alg 2 performs even better, with a gain of about

174.9116 — 93.0753

93.0753 ~ 87.9%

This suggests that alg_2, which relies on VaR, is the most effective.
e [PSO] Optimal portfolio value: 117.7848

The portfolio optimized using the PSO algorithm shows a gain of:
117.7848 — 93.0753

~ 26.
93.0753 6.5%
Performance Summary Comparison

Method Optimized Value Gain (%)
Initial Portfolio 93.0753 —
GA_l 129.7354 +39.3%
GA2 174.9116 +87.9%
PSO 117.7848 +26.5%

Table 1 presents results from the three optimization algorithms in terms of standard
value and gain. Among them, genetic algorithm with best weight 174.9116 provides an
interesting performance with the best final portfolio value rate gain: 87.9Despite the



Ch. Ahmed Baba, A. Ka Dionque / Eur. J. Pure Appl. Math, 18 (3) (2025), 6025 17 of 19

promising results, our work has certain limitations, the absence of comparison of our
results with other methods. In addition, more optimization algorithms are considered in
this study; we plan to compare with others like Differential Evolution (DE).

In risk management, optimization algorithms are often investigated to determine under
certain risk measure the best investment. Note that genetic algorithms are well used. In
this work, different algorithms are considered to compare their performance using the two
risk measures (variance and VaR)and different stock exchange data. The genetic algorithm
performs better compared (specially alg_2) to the particle swarm. This result is consistent
with some previous studies like [24, 25].

Conclusion

In this article, we presented an approach for the optimal selection of a mining portfolio.
This approach first involves a detailed description of the financial market by segmenting
the data in order to distinguish the regimes of each financial asset, using a CART-based
algorithm. Then, we select the assets corresponding to the identified market regime called
portfolio — extraction using the algorithm we developed. Next, we apply dynamic op-
timization algorithms to this mining portfolio, namely the genetic algorithm, which is
divided into two stages: the first stage aims to maximize a first ratio under constraints,
while the second seeks to maximize a second ratio. We also apply the Particle Swarm
Optimization (PSO) algorithm for comparison. The results obtained are generally satis-
factory, demonstrating that optimization using the genetic algorithm is highly effective,
and also confirming that risk measurement via Value-at-Risk (VaR) is superior to that via
variance. Moreover, the genetic algorithm outperforms the PSO algorithm.
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