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Abstract: This study addresses the critical need for effective portfolio optimization in investment
decision-making, particularly given the increasing complexity of stock types and classifications, such as
conventional and Sharia-compliant indices in Turkey. This research aims to: (1)identify the optimal
stock combinations across conventional, sharia, indexed in both, and combined, (2) analyze their effi-
cient frontiers, and (3) compare performance ratios (Sharpe, Sortino, Omega) and expected returns for
each group. Using a quantitative descriptive method, this study applies the Non-Dominated Sorting
Genetic Algorithm II (NSGA-II) to optimize portfolios based on historical daily closing prices of
BIST100 and KATILIMS50 index stocks from January 3, 2022, to December 30, 2025. This finding
indicates a trade-off between risk and return across all portofolio groups. A conventional portfolio
alone offers the highest expected returns but also higher risk, while a Sharia-compliant portfolio alone
provides lower returns and risk, suitable for investors who prioritize Sharia compliance. The combined
porttfolio group showed superior risk-adjusted performance, particularly in the Sharpe and Omega ra-
tios, indicating better diversification potential with lower risk and competitive returns. Meanwhile,
groups that are listed on both indices performed moderately. This research provides valuable academic
references for technical and fundamental analysis in portfolio management, emphasizing that optimal
portfolio selection is highly dependent on investor risk preferences.

Keywords: Portofolio Optimization; NSGA-II; Conventional Stocks; Shatia-Compliant
Stocks; Efficient Ftontier

1. Introduction

Portfolio optimization is important information for investors in making investment decisions
because it relates to selecting an asset combination with a specific level of risk and return [1].
On the other hand, every investor always wants maximum returns and minimal risk in their
investment results, but this is a challenge for investors to manage [2]. One of the problems
faced by investors is the management of their portfolios, as they have invested large sums of
money without a clear purpose in unrelated areas such as securities, property, mortgages, and
loans. Thus, the challenge faced by investors is when choosing a portfolio combination [3].
Diversification, therefore, offers an effective mechanism for reducing unsystematic risk while
improving expected returns.

Another example that also becomes increasingly complex as the types and classifications of
stocks become more varied. For example, in Turkey, there is an index that only measures
companies based on market capitalization size, the BIST100, and another that is grouped
based on compliance with Shatia rules, the KATTLIM50. This reflects investors' preference
for instruments that only consider market capitalization size and those that are Sharia-com-
pliant. Over the past decade, the Islamic equity market has experienced substantial growth,
driven by adherence to principles such as the prohibition of riba (interest), gharar (excessive
uncertainty), and maysir (speculation), which form the foundation of Islamic capital markets

[4]-

DOI : https://doi.org/10.69714 /nee31631 https:/ /journal.smartpublisher.id/index.php /jomefa



https://doi.org/10.69714/nee31631
https://journal.smartpublisher.id/index.php/jomefa
mailto:211202207724@mhs.dinus.ac.id
mailto:dwi.eko.waluyo@dsn.dinus.ac.id
mailto:ana.kadarningsih@dsn.dinus.ac.id
mailto:pradana.kusuma@dsn.dinus.ac.id
https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Management Economics and Financial Accounting 2026 (June) vol 2 no 1 Utama, et al. 2 of 20

Specifically in Turkey, evidence shows that the Borsa Istanbul stock market has grown rapidly
in recent years [5]. In the context of the Sharia market, the development of a rating method-
ology for Sharia indices such as Katilim 50 indicates an increasing demand from investors for
investment instruments that comply with Islamic principles. This includes qualitative and
quantitative screening to ensure compliance with Sharia [6]. This phenomenon illustrates the
evolution of Islamic finance as an ethical and sustainable alternative investment that can fa-
cilitate economic growth thru Sharia-compliant financing [7].

As a result, portfolio optimization faces challenges stemming from the distinction between
conventional indices that are purely market capitalization based and Islamic indices that are
required to comply with Sharia regulations. Other reasons include complex regulations, mat-
ket fluctuations, and market uncertainty, where Sharia indices require additional screening to
ensure compliance with Islamic principles, such as a maximum debt ratio of 33% and avoiding
income from prohibited activities [8], [9]. This has a significant impact, especially in the E7
emerging countries, which include Turkey [10]. In this case, it differs from the usual, where
calculating an optimal portfolio using classic methods like mean variance is felt to be less than
optimal in the process. This is because comparing stocks from an index that is only measured
by market capitalization, such as BIST100, and sharia compliance, such as KATILIMS50, re-
quires a method that can solve more complex problems and calculations [11].

The Non-dominated Sorting Genetic Algorithm IT (NSGA-II) is a relevant method that iden-
tifies optimal solutions by sorting the Pareto front at each generation and comparing these
solutions across generations to obtain the final Pareto-optimal set [12]. This phenomenon is
also related to the evolution of asset allocation models, where genetic algorithms are used to
solve complex optimization problems in various fields, including investment portfolios, with
the ability to find parallel and probabilistic solutions [13], [14]. In the context of the European
Union, including Turkey, genetic algorithm models are also used to enhance competitive ad-
vantage thru capital investment and research and development. The research findings indicate
that the best investments can enhance competitive positioning [15].

This research aims to meet the need for portfolio optimization that does not rely solely on
one type of stock index, and to provide a comprehensive comparison between different stock
groups, specifically between conventional stocks and Sharia-compliant stocks. This approach
is expected to support both conventional and Sharia investors in making more informed in-
vestment decisions.

The objectives of this study are as follows: (1) to identify the optimal portfolio combinations
for stocks listed only on the conventional index, listed only on the Sharia index, stocks listed
on both indices, and a combined group consisting of all three categories; (2) to construct and
analyze the efficient frontier for each of these stock groups, namely the conventional only,
sharia only, both-indexed, and combined portfolios; and (3) to compare portfolio perfor-
mance using the Sharpe ratio, Sortino ratio, and Omega ratio, as well as expected returns,
across all portfolios derived from the conventional-only, Sharia-only, both-indexed, and com-
bined stock groups.

The selection of Turkey as the research setting is grounded in its characteristics as an emerging
market marked by high volatility and complex economic dynamics, making it an appropriate
context for evaluating portfolio optimization models. In addition, NSGA-II was selected due
to its capacity to efficiently address multi-objective optimization problems, generate a diverse
set of Pareto-optimal solutions, and accommodate various constraints without relying on
strict distributional assumptions.

2. Literature Review

2.1. Portfolio Optimization in Investment

Portfolio optimization is the process of selecting a combination of investment assets such as
stocks, bonds, or commodities to maximize returns while minimizing risk, and it is the core
of Modern Portfolio Theory (MPT), which emphasizes diversification to achieve a balance
between risk and return [2]. In this theory, two things are considered: expected return and
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risk (volatility). Risk is the undesirable outcome for investors when investing. The metrics
used are usually standard deviation or variance. One of the key assumptions of this theory is
that the returns on investment assets always follow a normal distribution. This means that
returns are considered to be symmetrically distributed around the mean, with most values
clustered near the mean, and extreme events (very high or very low) having a very small and
negligible probability.

However, empirical evidence suggests that the assumption of normality frequently fails to
hold in real financial markets. This means that the probability of extreme events (very high
or very low returns) is much higher than predicted by the normal model. Global empirical
evidence shows that stock return distributions exhibit kurtosis levels three to ten times higher
than those of a normal distribution [16]. This means that extreme stock drops or rises occur
far more frequently than predicted by classical theory. Therefore, to achieve optimal results,
research needs to be conducted using a different model [17].

2.2. NSGA-II

The Non-dominated Sorting Genetic Algorithm II (NSGA-II) is an evolutionary algorithm
for multi-objective optimization that applies genetic principles, including selection, crossover,
and mutation, to identify Pareto-optimal solutions, while employing non-dominated sorting
and crowding distance to preserve population diversity [12]. Many studies rely on this method,
and it is suitable for problems such as portfolio optimization whete there is a trade-off be-
tween risk and return [14].

The working method includes the first step, which is to form a random initial population by
ensuring diversity to prevent premature convergence to suboptimal solutions. The second
step is to perform non-dominated sorting to classify the population into various groups based
on Pareto dominance, and then each individual is ranked. The third step is to calculate the
crowding distance for each individual on the frontier to maintain diversity and ensure that the
solutions remain spread across the Pareto front area. In this section, the crowding distance
prevents the clustering of solutions, encouraging exploration of the entire compromise space
in multi-objective optimization [18]. In the fourth step, which is selection, crossover, and
mutation. Mutations and crossovers help explore new regions in the search space, adapting
to non-linear problems such as portfolio optimization [19]. The fifth step is that each combi-
nation is sorted again and the best individuals are selected for regeneration to maintain quality
and dominance. The final step is to repeat the previous steps until a variety of Pareto-optimal
solutions are found [20].

Evidence from prior research demonstrates that the generated portfolio outperforms the
benchmark index; therefore, this study employs the NSGA-II method for portfolio optimi-
zation [21].

2.3 Efficient Frontier

Modern Portfolio Theory (MPT) introduces the concept of the efficient frontier, which rep-
resents the set of portfolios that either maximize returns for a given level of risk or minimize
risk for a given level of return, thereby identifying the most efficient portfolios among all
possible asset combinations [2]. It consists of two main components: the horizontal axis (X),
which represents the level of risk accepted by investors, and the vertical axis (Y), which rep-
resents investment returns. The Efficient Frontier is depicted as a curve that bends upwards
and to the right [2]. The efficient frontier curve establishes a trade-off relationship between
risk and return [22].

The efficient frontier has been employed to compare the risk—return trade-offs between dif-
ferent stock indices. One study applied this approach by comparing the BIST30 and KATI-
LIM30 indices using the mean—variance method to evaluate portfolio efficiency [23]. Cross-
market comparative research further indicates that Sharia portfolios outperform the S&P 500
on a risk-adjusted basis, as evidenced by higher Sharpe ratios and greater resilience during
periods of market downturn [24]. In addition, a comparative analysis of conventional and
Sharia indices across four regions global, the United States, Europe, and Asia Pacific reveals
that Sharia indices tend to achieve higher average returns while maintaining lower risk during
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specific crisis periods, particularly in 2007-2009 and 2013-2017, when compared to conven-
tional indices [25].

2.4. Risk and Performance Measurement of Portfolio Investments

Portfolio performance measurement in investment must consider not only absolute returns
but also the risks associated with those returns. As a result, various risk-adjusted performance
measures are used to assess whether the returns earned are commensurate with the risk borne
by investors [26]. Risk-based performance measures are widely used by individuals and insti-
tutions, and they confirm that the most common metrics in investment practice are the Sharpe
and Sortino ratios [27]. The Sharpe ratio, in short, measures excess return per unit of total
risk [28]. The Sharpe ratio is widely regarded as a key indicator in portfolio evaluation because
it clearly reflects risk return efficiency, with higher values indicating better performance. Re-
search on performance measurement using the Sharpe ratio has been conducted on the stocks
of transportation and logistics companies in Indonesia, indicating that measurement with this
index is relevant for investors who allocate only a portion of their investment funds to a
porttfolio [29]. In contrast, the Sortino ratio provides a more accurate assessment when return
distributions are asymmetric by focusing solely on downside risk [30]. By focusing on the risk
of loss, the Sortino ratio offers a different perspective on portfolio performance.

Furthermore, more modern measures like the omega ratio offer a more comprehensive ap-
proach because they calculate the entire probability distribution of returns by separating the
probabilities of gains and losses based on a specific return threshold. The Omega ratio is
considered an optimal portfolio performance measure because it incorporates both upside
and downside outcomes relative to a specified threshold, rather than relying solely on excess
returns or downside deviation, making it particularly suitable for non-normal return distribu-
tions [31]. Additionally, numerous studies employ standard deviation as a risk measure in
performance evaluation, including research on thematic mutual funds in India [32]. Their
findings indicate that standard deviation remains an explicit indicator for measuring risk ex-
posure during volatile market periods. However, on the other hand, standard deviation does
not reflect the true risk profile [33].

Another measure of risk employed in this study is the Coefficient of Variation (CV), calcu-
lated as the ratio of standard deviation to expected return. Unlike standard deviation, which
measures absolute risk, the CV evaluates relative risk by indicating the amount of risk associ-
ated with each unit of expected return. Therefore, it is particularly useful for comparing the
risk—return efficiency of different stocks. Comparative analysis study of risk and return be-
tween the Indonesian stock market and international benchmarks indicates that combining
measures such as the coefficient of variation (CV) and the Sharpe ratio enables a more com-
prehensive evaluation of portfolio performance [34].

Previous Research:

a) A portfolio optimization with the similar model has been applied to major U.S. stock
indices, specifically the S&P 500 and NASDAQ), demonstrating its effectiveness in im-
proving portfolio performance within developed equity markets characterized by large-
cap stocks [35].

b) Another previous studies have applied NSGA-II to stock level portfolio optimization
using U.S. technology stocks, demonstrating its superiority over classical portfolio models
in achieving higher returns with lower risk, which provides methodological support for
extending NSGA-II to index based portfolio analysis in this study [306].

c) Previous research applies the NSGA-II algorithm to portfolio optimization by determin-
ing optimal asset allocation across various asset classes, including stocks, commodities,
cryptocurrencies, and bonds. The results show that NSGA-II is capable of generating
efficient frontier solutions that represent the optimal trade-off between risk and return.
However, compared to other algorithms such as PSO, NSGA-II exhibits lower predictive
accuracy, although it remains advantageous in terms of computational efficiency and so-
lution diversity [37].

d) In the context of emerging markets, a similar optimization approach has been examined
using Indonesian mutual funds, with the results indicating that the model is applicable
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not only to developed markets but also to emerging economies and collective investment
instruments [38].

Collectively, these studies provide a solid methodological and empirical foundation for port-
folio optimization research across various markets and asset classes. However, none of them
explicitly compares portfolio optimization outcomes between conventional stocks, Sharia-
compliant stocks, and stocks indexed in both categories, particulatly in the context of the
Turkish stock market.

Furthermore, prior studies largely focus on optimization results without offering a compre-
hensive evaluation of portfolio performance ratios. Therefore, further reseatrch is required to
not only optimize portfolios based on a single index type, but also to conduct a comprehen-
sive comparison of stock groups such as conventional-only stocks , Sharia-only stocks, in-
dexed by both stocks, and combined portfolios—in order to support more informed invest-
ment decisions for both conventional and Sharia investors.

3. Proposed Method

Calculation of Return,
Expected Return, Stocks Screening and|

Standard Deviation, Grouping Using CV
and CV assets

Optimization Stage
Using NSGA-II and
Matrix Calculation

Selection of 20
Representative
Portfolios

Computation of Pareto Optimal
Performance Metrics Portfolios

Figure 1. Algorithmic Framework of the Optimization Process Using NSGA-II
Source: Processed by the author, 2026

The data used in this study consist of daily closing stock prices for conventional stocks in-
cluded in the BIST100 index and Shatia-compliant stocks listed in the KATILIM50 index,
obtained from publicly available sources such as Yahoo Finance (yfinance). The dataset was
downloaded on January 11, 2020, ensuring completeness and consistency of historical rec-
otds. The dataset covers the period from January 3, 2022, to December 30, 2025. A purposive
sampling method was employed to select samples that meet predefined criteria relevant to the
research objectives [39)].

The sample selection in this study is only for stocks that: (1) Have complete closing price data
from January 3, 2022, to December 30, 2025, (2) Did not undergo delisting or listing during
the period, (3) If there are incomplete closing prices or suspensions, they must not exceed
seven consecutive days. This procedure was implemented to ensure data continuity and reli-
ability, as such conditions may introduce bias in return estimation and distort risk measures
due to discontinuities in the price series. The results of the screening can be visualized in a
table like the one below:

Table 1. Population and Sample

Criteria Total

Stocks indexed in BIST100 (Conventional index stocks) 100
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Stocks indexed in KATILIMS50 (Islamic index stocks) 50
Stocks indexed in both 38
Total Population 112
Stocks with incomplete daily closing price data, delisting, or data gaps exceeding

seven consecutive days 24
Total Sampel 88

Source: Processed by the author, 2026

After the initial sample is obtained, the stocks are not immediately grouped. In the first step,
expected returns and standard deviations are calculated using the Python programming lan-
guage within the IDLE development environment. Stocks with negative expected returns are
excluded from further analysis. For the remaining stocks, the coefficient of variation (CV) is
computed and used as a ranking metric. Subsequently, the stocks are categorized into four
groups: (1) conventional-only stocks, (2) Shatia-only stocks, (3) stocks listed on both indices,
and (4) a combined group containing all stocks.

To ensure comparability across groups, the number of stocks is standardized based on the
smallest group after filtering, namely the Sharia-only group, which consists of ten stocks. For
groups containing more than ten stocks, the selection is performed by ranking stocks based
on their CV values (from lowest to highest) and selecting the top ten stocks with the smallest
CV. This procedure ensures that only stocks with positive expected returns are considered,
using a consistent selection criterion across all groups. Such standardization helps reduce po-
tential bias due to unequal sample sizes and improves the reliability of comparative quantitative
analysis [40]. In addition, missing data observations are handled using the forward fill method
by replacing missing values with the most recent available prices to maintain the continuity
and consistency of the time series data. The results of the group division can be seen in the

table below:

Table 2. Selected Stocks and Their Groups
Conventional Only ~ Sharia Only ~ Groups listed

Group Group on both Combined Group
ANSGR BERA ASELS ANSGR BERA ASELS
GARAN FORMT MAGEN GARAN FORMT MAGEN
IEYHO GOLTS MAVI IEYHO GOLTS MAVI
MGROS IHLAS MPARK MGROS IHLAS MPARK
RALYH JANTS TUPRS RALYH JANTS TUPRS
THYAO KARSN BIMAS THYAO KARSN BIMAS
TURSG KZBGY KUYAS TURSG KZBGY KUYAS
PGSUS QUAGR CIMSA PGSUS QUAGR CIMSA
TAVHL SELEC ENJSA TAVHL SELEC ENJSA
AKBNK TMSN GENIL AKBNK TMSN GENIL

Source: Processed by the anthor, 2026

Table 2 shows the results of grouping based on stock code. The Conventional Only Group
comprises ANSGR (Anadolu Anonim Tirk Sigorta Sirketi), GARAN (Ttirkiye Garanti Ban-
kast A.S.), AKBNK (Akbank T.A.S.), IEYHO (Istklar Enerji ve Yapt Holding A.S.), RALYH
(Ralyh Yatinm Holding A.S.), MGROS (Migros Ticaret A.S.), THYAO (Tirk Hava Yollar
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A.O.), PGSUS (Pegasus Hava Tasimaciligi A.S.), TAVHL (TAV Havalimanlari Holding A.S.),
and TURSG (Ttrkiye Sigorta A.S.).

The Sharia Only Group includes BERA (Bera Holding A.S.), FORMT (Formet Metal ve Cam
Sanayi A.S.), GOLTS (Géltas Géller Bolgesi Cimento Sanayi ve Ticaret A.S.), IHLAS (hlas
Holding A.S.), JANTS (Jantsa Jant Sanayi ve Ticaret A.S.), KARSN (Karsan Otomotiv Sanayii
ve Ticaret A.S.), KZBGY (Kuzey Boru A.S.), QUAGR (Qua Granite Hayal Yapt ve Uriinleri
Sanayi Ticaret A.S.), SELEC (Selguk Ecza Deposu Ticaret ve Sanayi A.S.), and TMSN (Tu-
mosan Motor ve Trakt6r Sanayi A.S.).

Groups listed on both indices consists of ASELS (Aselsan Elektronik Sanayi ve Ticaret A.S.),
MAGEN (Margiin Enetji Uretim Sanayi ve Ticaret A.S.), MAVI (Mavi Giyim Sanayi ve Ti-
caret A.S.), MPARK (MLP Saglik Hizmetleri A.S.), TUPRS (Ttrkiye Petrol Rafinerileri A.S.),
BIMAS (BIM Bitlesik Magazalar A.S.), KUYAS (Kuyas Yatirim A.S.), CIMSA (Cimsa Ci-
mento Sanayi ve Ticaret A.S.), ENJSA (Enerjisa Enetji A.S.), and GENIL (Gen Ila¢ ve Saglik
Urtinleri Sanayi ve Ticaret A.S.). The Combined Group includes all stocks from the Conven-
tional Only, Sharia Only, and Both Indexed Groups.

After the group is formed, the next process is to perform optimization using NSGA-II.

T,
Start
h 4
Initial
Population
Max
v GenerationReached ?
Evaluate Select
Ohbjectives Mew Population
(Pt+1)
FYy
¥
Pareto Optimal i
Non-Dominating n ) Crowding )
Shorting Distance Calculation

3

h 4
Crowding Stop MNon-Dominating
Distance Calculation Shorting

A

¥

Selection, ;
- Combine
Crossover, Mutation * (Rt=Pt+0f)

A

Ofispring
(at)

h 2

Figure 2. Algorithmic Framework of the NSGA-II
Source: Processed by the author, 2026

The implementation of the NSGA-II algorithm is illustrated in Figure 2, where the initial
generations show a population characterized by a broad dispersion of risk return combina-
tions, reflecting a high level of diversity among candidate solutions. As the evolutionary pro-
cess advances, inferior (dominated) solutions are progressively filtered out through the appli-
cation of non dominated sorting and selection procedures, allowing only the most competitive
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individuals to persist. Following the selection stage, genetic operators namely crossover and
mutation are applied to generate a new set of offspring, which introduces additional diversity
and enables the exploration of new regions in the solution space. These offspring are then
evaluated and combined with the parent population to form a unified set, after which non
dominated sorting is performed again to reclassify solutions based on Pareto dominance, fol-
lowed by the recalculation of crowding distance to preserve solution diversity within each
front. The next generation population is subsequently selected based on rank and crowding
distance criteria. This iterative cycle continues as long as the maximum number of generations
has not been reached and the population has not yet converged to a set of well-distributed
optimal individuals. Consequently, over successive generations, the Pareto frontier becomes
more stable, smoother, and evenly distributed, indicating that the algorithm is effectively con-
verging toward optimal trade-offs between expected return and risk while maintaining diver-
sity among the selected solutions.

After the optimization stage using NSGA-II, the resulting portfolios are evaluated using risk-
adjusted performance metrics, namely the Sharpe ratio, Sortino ratio, and Omega ratio. These
metrics provide a comprehensive assessment of portfolio efficiency by analyzing the relation-
ship between returns and risk from various perspectives, extending the evaluation beyond the
Pareto optimality framework [27], [41], [42]. The final results, including expected return,
standard deviation, and coefficient of vatiation, were also calculated for each portfolio. It
should also be noted that all final results have been annualized.

To further elaborate on the analytical framework, the mathematical formulations of return
and risk measures are presented in the following section.

Table 3. Summary of Variables and Formulas
Calculation of asset returns and risk

Component Notation Formula Description
Asset Price Pit _ Observed stock
price
Pi,— Pi,_ .
Daily Return Assets R;; R;; = ot~ Percentage re
' ' Py turn
i
Expected Return of Stock 10T R Estimated return
Tl o of the stock

Standard Deviation Assets o; % Z( R;. — R)? Volatility
=
Covariance matrix Assets Xij Cov(R44,R),2) Risk structure
Oi

Risk per unit re-

Coefficient of Variation Assets cv; | R; | rurn

Source: Processed by the author, 2026

The formulas presented above are used both in the sample selection stage and during the
NSGA-II optimization process. The core formulation of the NSGA-II algorithm is presented

below.
Table 4. Formulas in the NSGA-II stage
NSGA-II
Component Notation Formula Description

w; Wi=1

i=1

Portofolio Weights Z" Allocation
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Mean Return Vector Vector of expected returns

M (1) of all assets
Covariance Matrix 2 - Risk Structure Assets
: n
Portofohotiipected Re- E(R, i—1Wi Ui Portofolio Expected return
Portofoh&astti:zr;dard De a; ,—WTZW portfolio risk
Objective 1 - max E(R,,) Maximize Return
Objective 2 - mingy Minimize Risk
Dominance A<B _ Pareto dominance rule
Non-Dominated Sort- _ _ Ranking solutions
ing
Crowding Distance di Diversity preservation Spread of solutions
Selection _ Tournament Choose best individuals
Crossovet _ w=aw;+ (1 -a)w, Combine solutions
Mutation w=w+e€ Random variation

Source: Processed by the anthor, 2026

After the NSGA-II optimization, a Pareto-optimal set of portfolios is obtained. Performance
metrics, including expected return, risk, Sharpe ratio, Sortino ratio, and Omega ratio, are
computed for each portfolio in the Pareto set. Subsequently, 20 representative portfolios are
selected for each group by uniformly sampling along the efficient frontier.

Table 5. Portfolio Performance Metrics Formulas
Performance Metrics & Annualization

Component Notation Formula Description
Portfolio Annual Ex- Expected yearly return of the
(o) P yeatly
pected Return kp Hp X 252 porttfolio
Portfolio Annual Standard - .
Deviation op@ JwIZw x V252  Yearly volatility of the portfolio
Portfolio Coefficient of cv op@ Risk per unit return of the port-
Variation p up@ folio
@ _ R iskeadi
Portfolio Sharpe Ratio SRp up f Risk-adjusted return of the
ap@ portfolio
(o) _ MAR . s leon d
Portfolio Sortino Ratio SoRp ”—p Downside risk ad]ust.e d return
G downp® of the portfolio
P
max (R, — 7,0 ) . .
Portfolio Omega Ratio Qp 2 (Rq ) Gain-loss ratio of the portfolio

Ymax (t — R,,0)
Source: Processed by the anthor, 2026

Table 5 shows the formulas used to calculate the metrics. The factor 252 reflects the approx-
imate number of trading days in a year and is used to annualize daily measures. Daily returns
are scaled lineatly (X252), while volatility is scaled by V252, consistent with the time-scaling
behavior of return variance. The Sharpe Ratio is calculated using a constant risk-free
rate (Rf) of 34%, derived from the average yield of Turkey’s 5-year government bond
obtained from Investing.com over the study period. The same value is consistently
applied as the Minimum Acceptable Return (MAR) for the Sortino Ratio and as the
threshold return for the Omega ratio, ensuring comparability across performance
measures. This approach provides a stable market-based proxy for the risk-free rate
in Turkey’s high-inflation environment while maintaining consistency in performance
evaluation.
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4. Results and Discussion

Analysis of each portfolio group shows that there is a trade-off relationship between risk and
return, which varies across each group. The implementation of NSGA-II, applied to each
group using the Python programming language, resulted in Excel file output and an efficient
frontier curve. That Excel file contains a table with 20 representative portfolios from the
efficient frontier (pareto). Inside, there is a composition of the weight allocation for each
stock, expected return, standard deviation, CV, and performance ratio for each portfolio in
each group.

The resulting efficient frontier curve contains 20 portfolio points that form it from each
group. It also includes the max, median, and min points for the Sharpe, Sortino, and Omega
ratios for each group, with dark blue representing the maximum point, light blue the median
point, and white the minimum point. Each efficient frontier curve has a starting point on the
left side and an ending point on the right side, which together determine its range of effi-
ciency. The leftmost point represents the portfolio with the lowest risk level. Conversely, the
rightmost point represents the portfolio with the maximum expected return.

4.1. Statistics on Returns and Risks of Selected Stock

Table 6. Stock Returns and Risks

Stocks Expected Return Standard Deviation Coefficient of Vatiation
ANSGR 96.84% 42.97% 0.4437
GARAN 96.74% 46.82% 0.4839
IEYHO 191.10% 59.29% 0.3103
MGROS 97.38% 40.31% 0.4139
RALYH 210.95% 51.56% 0.2444
THYAO 90.94% 41.03% 0.4511
TURSG 114.56% 44.80% 0.3911
PGSUS 80.44% 43.91% 0.5458
TAVHL 73.63% 41.46% 0.5631
AKBNK 82.91% 48.82% 0.5888

BERA 39.89% 51.27% 1.2853
FORMT 45.30% 59.83% 1.3207
GOLTS 61.92% 50.35% 0.8132

IHLAS 41.70% 59.11% 1.4175
JANTS 23.77% 51.61% 2.1716
KARSN 25.73% 52.31% 2.0332
KZBGY 15.38% 60.14% 3.9102
QUAGR 26.76% 48.82% 1.8245
SELEC 62.89% 45.28% 0.7200

TMSN 49.53% 56.24% 1.1355
ASELS 116.51% 46.28% 0.3973

MAGEN 147.46% 55.44% 0.3760

MAVI 83.51% 41.17% 0.4930
MPARK 88.56% 41.55% 0.4692
TUPRS 85.83% 40.43% 0.4710
BIMAS 75.96% 39.09% 0.5145
KUYAS 148.64% 59.55% 0.4006
CIMSA 85.55% 48.32% 0.5648
ENJSA 72.33% 42.16% 0.5829
GENIL 93.80% 48.57% 0.5178

Source: Processed by the anthor, 2026
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4.2. Optimization Results for the Conventional-Only Group

pl p2 p3 p4 p5 p6 p7 p8 p9 p10 pll pl2 p13 pl4 p15 pl6 pl7 pl8 p19 p20
ANSGR ~ 000%  000%  000%  000%  000%  000%  011%  023%  051%  119%  194%  305%  405%  500%  622%  T46%  892% 10,14% 1239% 1389%
GARAN  000%  000%  000%  000%  000%  000%  033%  100%  233%  347%  458%  597%  724%  800%  917%  821%  945%  916% T16% 7,36%
IEYHO 0,00% 4,50% 8,40% 1499%  2126%  3023%  40,71%  3792%  35776%  3391%  3234%  3035%  2818%  2590%  24,07%  21,77%  1889% 16,24% 1239% 10,97%
MGROS ~ 000%  000%  000%  000%  000%  000%  015%  036%  080%  155%  245%  356%  465%  G619%  T00%  88%  1077% 1226% 1301% 1435%
RALYH  100,00%  9550%  91,60%  8501%  7874%  69,77%  56,61%  5430%  52,16%  5025%  47,86%  4521%  4239%  40,18%  36,86%  3425%  30,38% 28,10% 2573% 20,33%
THYAO — 000%  000%  000%  000%  000%  000%  005%  009%  021%  045%  075%  132%  183%  294%  325%  530%  661% 799% 950% 1081%
TURSG ~ 000%  000%  000%  000%  000%  000%  201%  604%  810%  901%  985%  1012% 11,00% 1063% 1183% 1045% 1058% 10,12% 9,67% 1032%
PGSUS  000%  000%  000%  000%  000%  000%  001%  001%  004%  005%  006%  012%  020%  029%  054%  128%  146% 205% 384% 457%
TAVHL ~ 000%  000%  000%  000%  000%  000%  001%  001%  003%  004%  005%  011%  0,18%  025%  046%  108%  123% 173% 324% 384%
AKBNK ~ 000%  000%  000%  000%  000%  000%  002%  003%  007%  008%  011%  019%  028%  054%  061%  138%  170% 221% 307% 357%
u_p 12730% 12728% 12727% 12724% 12722% 12718% 12599% 12383% 121,87% 120,07% 11816% 115,82% 11336% 110,98% 108,46% 105,55% 102,05% 99,30% 95,65% 92,05%
a, SI85%  4972%  4800%  4540%  4335%  4124%  3938% 3T  3684%  3586%  M486%  3373% 3262  3L66% 3072% 2983 2890% 2834% 278T% 27,62%
©v) 0407 0391 0377 0357 0341 0324 0313 0307 0302 029 0295 0291 0288 0285 0283 0283 0283 0285 0291 0300
Sharpe 1888 1968 2038 2154 2256 2371 2452 2485 2510 2528 2546 2562 2573 2576 2573 2552 2514 2466 2377 2267
Sottino 3014 3148 3264 3458 3630 3840 4027 4070 4102 4128 4153 4175 4188 4186 4174 4129 4057 3968 3805 3622
Omega 1399 1419 1436 1462 1483 1501 1512 1520 1527 1531 153 1540 1543 1545 1546 1,545 1540 1532 1515 1493
Figure 3. Optimal Composition of the Conventional-Only Group
Source: Processed by the author, 2026
The results for the conventional-only group show that the highest expected return among the
20 representative portfolios is 127.30% and the lowest is 92.05%. The portfolio with the
highest expected return allocates 100% of its weight to RALYH (Rally Yatirim Holding A.S.)
shares. Conversely, for portfolios with lower expected returns, the weight allocation for each
share is more dispersed. The coefficient of variation (CV) value shows a decreasing pattern
up to the medium-risk point, before increasing again at high risk.
4.3. Optimization Results for the Sharia-Only Group
pl p2 p3 p4 p5 p6 p7 p8 p9 p10 pll pl2 p13 pld p15 pl6 pl7 p18 p19 p20
BERA 000%  000%  000%  000%  000%  000%  000%  001%  001%  002%  003%  018%  072% 1%  219%  305%  373%  45%  53%  623%
FORMT  000%  004%  005%  004%  004%  019%  06%  238%  469%  742%  1004%  1232%  1444%  1500%  1448%  1426%  1376%  1341%  1286%  1227%
GOLTS  10000%  9603%  9L80%  §730%  8241%  T660%  7T041%  6AGF%  S9025%  SL6A% 449  3825%  314%  283% | 2573% B  2057%  1808%  1511%  1204%
THLAS 000%  000%  000%  000%  000%  001%  001%  009%  012%  06%  258%  469%  TA1%  TA%  TI6%  694%  6T1%  642%  6I8%  608%
JANTS 000%  000%  000%  000%  000%  000%  000%  000%  000%  000%  000%  007%  015%  0TT%  185%  28%%  390%  49%  612%  728%
KARSN  000%  000%  000%  000%  000%  000%  000%  000%  000%  001%  001%  00%  010%  048%  115%  176%  242%  306%  380%  455%
KZBGY — 000%  000%  000%  000%  000%  000%  000%  000%  000%  000%  001%  012%  030%  LIT%  260%  395% 55  671% 830  995%
QUAGR 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,01% 0,14% 0,29% 1,44% 345% 5,28% 7,26% 9,16% 11,40% 13,68%
SELEC 000%  391%  813%  1262%  1753%  2312%  2878%  3153%  3301%  3509%  3556%  3636%  3641%  3B30% 328  3076%  2856%  263%  238%  2123%
TMSN 000%  002%  002%  003%  002%  008%  01%  136%  291%  511% 68  783%  897%  886%  852%  802%  TTT% 3%  696%  6,69%
wp 616% 68  6561%  G1% A% G5 GhI6% 36T 6T 246%  6LTM  G080%  N095%  S88% ST 58T 5438% 9% 5102%  4948%
o, SI68%  S001%  4850%  d688%  4523%  43M%  4171%  4001%  386T%  3691% 3553 341%  335%  3295%  3228%  3LT%  3128%  3093%  3066%  3055%
v 07812 07604 07392 07178 06960 06725 06502 06300 06121 03910 0575 05652 0559 05600 05632 05680 05751 05845 03987 06174
Sharpe 08452 08665 08894 09138 09399 09696 0993 10269 10524 10831 11046  L16l  11169 11036 10793 10524 10201 09842 09373 08839
Sorfno 13380 1300 14018 14360 14718 15113 1502 1550 16170 16514 L6600 16102 16346 1663 1580 15363 14826 14244 13503 12680
Omega 11598 11639 11683 11729 11777 11830 11879 11932 11985 12053 12103 12133 12139 12115 12068 12016 1,952 11881 11788 11680

Figure 4. Optimal Composition of the Sharia-Only Group
Source: Processed by the author, 2026

The results for the Sharia-Only Group indicate a positive risk—return trade-off, where higher
expected returns are associated with higher levels of risk, and vice versa. GOLTS (Goltas
Goller Bélgesi Cimento Sanayi ve Ticaret A.S.) shares consistently dominate portfolio weight,
especially in high to medium expected return portfolios, indicating that these shares have the
highest return profile within the sharia stock group. The expected return of the portfolio is
in the range of approximately 66.17% to 49.48%, followed by a standard deviation in the
range of 51.68% to 30.55%. The coefficient of variation (CV) value tends to be high for high-
risk and lowest-risk portfolios, indicating that the relative efficiency of the sharia stock port-
folio is most optimal at the medium risk level.
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4.4. Optimization Results for Stocks Listed on Both Indices

pl p2 p3 p4 p5 pé p7 p8 p9 p10 pll p12 p13 pl4 p15 plé pl7 p18 p19 p20
ASELS 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 1,28% 8,74% 1508%  1880% 1983%  2039% 1905%  1731%  1520%  1406%  12,06% 9,08% 75T% 484%
MAGEN — 000%  465%  1053%  1747%  247T%  3478%  4186%  M445%  213%  39%% BT  323%  3019%  2746%  2478%  218T%  1872%  1505%  1154%  T76%
MAVI 000%  000%  000%  000%  000%  000%  000%  000%  001%  006%  008%  015%  039%  073%  101%  203%  328%  536%  701%  945%
MPARK  000%  000%  000%  000%  000%  000%  000%  002%  02%  136%  332%  53%  689%  871% 1053  1161%  1230%  1216%  1251%  1257%
TUPRS 000%  000%  000%  000%  000%  000%  000%  000%  004%  035%  049%  063%  243%  464%  T02%  839%  1036%  1205%  1371%  1523%
BIMAS 000%  000%  000%  000%  000%  000%  000%  000%  004%  028%  040%  055%  193%  367%  543%  T3%  964%  1263%  1521%  1848%
KUYAS  10000%  9533%  8947%  8253%  7523%  6322%  5084%  4674%  4200%  3035%  3518%  3263%  3024%  274%  252%  2067%  1936%  1697%  1458%  1191%
CIMSA  000%  000%  000%  000%  000%  000%  000%  000%  001%  003%  005%  009%  020%  03%  049%  101%  160%  260%  338%  427%
ENJSA 000%  000%  000%  000%  000%  000%  000%  000%  000%  002%  004%  006%  017%  032%  042%  086%  138%  226%  295%  393%
GENIL  000%  000%  000%  000%  000%  000%  001%  004%  041%  180%  474%  780%  85%  936%  990%  1094%  1130%  1123%  1154%  1155%
u_p 109,24%  109,11%  10895%  10875%  10854%  10826%  107,61%  106,09%  10454%  102,73%  100,74%  98,78%  96,79%  9435%  9208%  8936%  86,82%  8388%  8L12%  77.95%
a, OIN  STSI% 550 S09% A% 4631% 4398 LS4 4001 383N 6% 518N BSR4 2% 996%  20%  BIT  26%  2136%
v 05504 05298 05053 04790 04551 04296 04087 03944 03828 03732 03638 03561 03501 03437 03391 0333 0331 03359 03407 03510
Sharpe 14430 14987 15708 16562 17425 18446 19359 19981 20509 20932 21354 21691 21930 22161 22293 22322 22183 21797 21220 20276
Sortino 23438 24322 25446 2,6756 28061 2,9606 31194 3,2299 33219 33852 34429 34780 35052 35259 35306 3,5123 34716 33937 3,2891 3,1307
Omega 1,2804 1,3019 1,3174 1,3357 1,3534 1,3733 1,3929 14100 14237 1,4340 1,4445 1,4520 1,4583 1,4647 1,4683 1,4684 14643 14556 1,4428 14218
Figure 5. Optimal Composition of Stocks Listed on Both Indices
Source: Processed by the author, 2026

Table 7 shows that, within the Both-Indexed Group, the portfolio with the highest expected

return allocates 100% of its weight to KUYAS (Kuyas Yatirim A.S.). Conversely, the portfolio

with the lowest expected return and risk exhibits a more diversified weight allocation. The

highest expected return is 109.24%%, the lowest is 77.95%, the highest risk (standard devia-

tion) is 60.13%, and the lowest is 27.36%. The resulting coefficient of variation (CV) value is

smaller in the medium-risk portfolio.

4.5. Optimization Results for the Combined Group

pl p2 p3 p4 p5 po p7 p8 pY pl0 pll pl2 pl3 pl4 pl5 pl6 pl7 pl8 pl9 p20

AKBNK 000 0% 00%  007%  007% 007  006% 0%  O006% 0%  O0T%  OI%  03%  O4%% 0% 0%  10%  121% L% L7I%
ANSGR 0000 O0DI%  00% 0%  00¥% 00 00 0% 0% 00  O0T%  04%  095% 1A% 200%  246%  3I8% 38 46%  560%
ASELS 4SS 460% 4506 4% 3006 35 310 2% 200%  LS%  101%  098%  103% 120 14% 4% LM% 19%  228% 26
BERA  19% LM% 15We  120%  LI6% L% 092%  O8W  O066% 0%  O029% 030 0% 04%  030%  055% 06  OT6%  08% LM%
BIMAS 000 0% 00%  019%  O61%  100%  L56% 20 26% 3% A% 408% A% 388% 3% 350% 33 309% 4% 204%
CIMSA 000 0% 00%  O7%  02%  036%  O56% 0% 09T 12%  14S% 1A% 13% 1% LI 10M% 090 OTS%  O54%  026%
ENJSA 0000 000%  00%  00I% 002  00%  002% 0%  00%  00%  O005%  04%  O08%  131% 18T 208% 29 3% 44l%  530%
FORMT  032%  029%  020%  022%  021%  019%  O1T% 0% O13%  010% 0%  020%  049%  O72%  09%  1a0% L% 1§%  226%  273%
GARAN 16 188%  210%  248%  20% 34T 410%  46l%  538%  62% 6T 6T GM%  ST®%  50% 468 38 306% 0%  078%
GENIL  000%  007%  013%  031%  100%  16%  25%  330%  439%  552%  657% 6%  671%  658%  634%  631%  604%  579%  540%  486%
GOLTS 000 001% 0%  003%  00%  008%  Ol%  OI%  019%  02%  030%  07%  122%  1T0% 2% 278% 35 4% 510% 61T
IEYHO  1350%  1507% 146  1418% 1408 1% 1376% 1367 1349% 120 1298%  1240% 18T 1132%  106%  1009% 9%  84T% TS 64T
HLAS 000 O14%  02% 042  O4% 04T 4% 030 053 05% 0%  O6%  058%  05%  030%  04% 0% 039%  03%  023%
JANTS  000%  019%  03%  O56%  03%  04% 0% O03%  02%  024%  O18%  03% 5% 0% LO0% L% 151%  181%  218%  264%
KARSN 000  000% 00  000%  000%  000%  000% 00  000%  001%  O0PI%  00%  001%  002%  00%  O00% 0% 0% 00% 0%
KUYAS  1676%  1718%  1T6%  1790%  1T25% 1660  1574% W49 1387 1280%  180%  1098% 1007 9% 8% TI0%  69%  59%  49%  384%
KZBGY 0006 O0p0%  00%  O001%  00%  001% 0% 0%  00% 0%  OM%  020%  055%  O8¥% LI LM% 18T 2% 2T%  334%
MAGEN 08T 205%  371% 5%  S4%  5EW 619% 640 690% 7% 8% 8% T8%  T56%  TIh  693% 6% 600% 5% 4TI%
MAVI 18 L6 4% 121%  LI0%  100%  O88%  O79%  O064%  OM%  029% 03 033%  03%  04%  04% 05T O064%  OT%  O082%
MGROS 260  33% 40T A% 429% 39T 4% 29%  231% LS L25% 1AW LT0%  200%  260%  200% 350 40% 4%  57I%
MPARK  03%  O082%  12M% L% 221%  266%  329% 367 43T 5% 589%  GI6% 64  650% 6% 680% 6% TIO0% 2% T3
PGSUS  23%  228% 21T 20% 18T LT0%  L48%  130% LM% O7%  O049% O3 06%  081% 100  LI% 13 160% 18 206%
QUAGR 247  218% 8%  15% 4% 130% LM% 10%  083%  050%  036%  050%  084%  L16% L5 L8% 23 280% 3%  413%
RALYH 4304  4189%  397%  3T6%  3608% M43 2% 3LR%  290%  262%  B&%  27%  25%  2001%  2020% 193%  184%  1755%  167%  1587%
SELEC 000 02%  040%  06%  061% 05T  04% 0% 03 02%  02%  04% 0% 09%  126%  L50% 190 2% 4% 32T%
TAVHL  086%  079%  070%  068%  092%  11%  147%  175%  214%  252%  28%  281%  265% 2% 211%  194%  158%  124%  079%  022%
THYAO 0%  000%  000% 00  00I%  00% 0%  00%  001%  001%  00%  002% 0%  OM% 0% 006%  00T%  008%  O008%  00T%
TMSN 35T 3I%  271% 230 208% LS L6% LA LIS 079% 0% 042 03 Od% 4% OM%  OM%  04%  051%  03%%
TUPRS 0% 0%  001% 00  ODI%  00% 0%  00%  00% 0% 0% 02% 04T  OT0% 0% 12%  15T%  190%  230%  278%
TURSG 0% 0I0%  O18%  OM% L4 23 3% 4T 63% 9 9Mv% 93 900 8% T4 T 608%  5I0%  381%  213%
bp UM% 10953 10891% 10823% 10740% 10660% 10538% 10476% 10350% 10208% 1007T%  9921%  9734% 9S8 A% 923  008% BTG S5AG% 8255
a, 3% ST 3L 0T 019%  2900% M0 2871%  2813%  2I5%  218%  2686%  2650%  2626%  B98% 57T 2551% B3 5% B514%
cv 02033 02899 02868 0289 02811 0286 02759 02W0 02717 0200 02698 0207 0225 02140 02064 02789 02832 02882 02048 03045
Shupe 27135 27416 A6 27907 28129 2835 2850 28664 28509 28868 28802 2850 2844 240 2705 27128 2647 2580 24997 23898
Sordno 435 44009 44M9 4430 45ISL 4542 45TIL AS045 46109 AGUL 45004 406 44730 44119 4308 4244 4130 4030 3863 36706
Omegn 13050 16018 L6082 16138 L6199 1654 L6310 160 1697 1646 L6H4  LeN8 166 L5 16171 L6079 1030 15766 164 15299

Figure 6. Optimal Composition of the Combine Group
Source: Processed by the author, 2026
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The combined group produces different outcomes because it contains all stocks included in
the other groups. The expected return ranges from 110.14% to 82.55%, while the risk (stand-
ard deviation) ranges from 25.13% to 32.31%. The portfolio with the highest expected return
also exhibits a more diversified allocation of weights. The coefficient of variation (CV) de-
clines from high-return portfolios to medium-return portfolios, but rises again among port-
folios with lower returns and lower risk, indicating that portfolios with lower expected returns
tend to be less efficient.

4.6. Efficient Frontier and Its Comparison

Efficient Frontier - Conventional-Only Group
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Figure 7. Efficient Frontier for Conventional-Only Group
Source: Processed by the author, 2026
Efficient Frontier - Sharia-Only Group
Sharpe (MAX)
Sharpe (MEDIAN)
65.00% - Sharpe (MIN}
Sortino (MAX)
Sortino (MEDIAN)
N Sortino (MIN)
62.50% Omega (MAX)
Omega (MEDIAN)
- [] omega (MIN)
£ 60.00%
€
5
@
-4
- 57.50% 4
U
G
[
=%
x
W 55.00% 1
52.50%
Sharpe: MAX: P9 = 0.9141 | MEDIAN: P15 = 0.8096 | MIN: PL
50.00% Sortino: MAX: P10 = 1.3607 | MEDIAN: P15 = 1.2516 | MIN: X
Omega: MAX: P9 = 1,1716 | MEDIAN: P15 = 1.1506 | MIN; P1 = 1.1223
Joge do de o de ok do e de e e o do o do ae de
2 A 2 gy ] g o o 3 xd P i) o
I O ICCC I N P A A A SN

Risk {Standard Deviation)

Figure 8. Efficient Frontier for Sharia-Only Group
Source: Processed by the author, 2026
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Efficient Frontier - Groups listed on both indices
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Figure 9. Efficient Frontier for the Group Listed in Both Indices
Source: Processed by the anthor, 2026
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Figure 10. Efficient Frontier for the Combined Group
Source: Processed by the anthor, 2026
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Figure 11. Efficient Frontier Comparison for each Groups
Source: Processed by the anthor, 2026
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A comparison of the efficient frontiers across the different groups indicates that the Conven-
tional-Only Group delivers the highest expected returns when compared to the other groups.
In contrast, the Sharia-Only Group exhibits the lowest expected return among all categories.
The Both Indexed Group lies between these two extremes, offering moderate expected re-
turns but accompanied by relatively higher levels of risk. Meanwhile, the Combined Group
demonstrates a more favorable risk—return trade-off, providing relatively high returns with
lower associated risk, which highlights the advantages of diversification in mitigating overall
portfolio risk.

In general, portfolios corresponding to the maximum performance ratios are located at inter-
mediate levels of risk and return within each group. Conversely, portfolios positioned at the
extreme ends of the efficient frontier those with either maximum or minimum expected re-
turns tend to exhibit lower performance ratios, suggesting suboptimal risk-adjusted efficiency.

4.7. Intergroup Analysis Based on Risk-Adjusted Performance (Sharpe, Sortino, and
Omega) Across Portfolio Groups

Table 7. Comparison of Adjusted Ratios Between Groups

Group Max Max Max Highest Lowest Lowest Coefficient
Sharpe Sortino Omega  Expected Standard of Variation (CV)
Return Deviation
Conventional- 24329 39602  1.5469 127.30% 27.62% 0.2826
Only Group
Sharia-Only 07812 11682 1.1724 66.15% 30.54% 0.5596
Group
GrOupS listed 1.8608 2.933(0 1.4144 109.24% 27.36% 0.3341
on both indices
Combined 24712 39116 1.5741 110.15% 25.14% 0.2698
Group

Source: Processed by the anthor, 2026

The portfolio analysis reveals clear differences in performance across groups when consider-
ing both risk-adjusted ratios and traditional risk-return measures. The Conventional-Only
Group delivers the highest expected return at 127.30%, supported by relatively strong Sharpe
(2.4329) and Sortino (3.9602) ratios, although its standard deviation (27.62%) and coefficient
of variation (0,2826) remain moderate.

The Combined Group demonstrates the most balanced performance, achieving the lowest
standard deviation (25.14%) and a low CV (0.2698), while simultaneously recording the high-
est Sharpe (2.4712) and Omega (1.5741) ratios, indicating supetior efficiency in managing
both total and downside risk. Portfolios listed on both indices show moderate outcomes, with
an expected return of (109.24%) and a standard deviation of (27.36%).

In contrast, the Sharia-Only Group exhibits the weakest performance, with the lowest ex-
pected return (66.15%), the lowest standard deviation (30.54%), and the lowest CV (0.5590),
reflecting inferior risk-adjusted efficiency.

5. Comparison

This study is closely related to prior research in multi-objective portfolio optimization using
metaheuristics; however, it differs significantly in focus, scope, and contribution. Prior work
[38] primarily emphasizes algorithmic improvement by introducing adaptive mutation in
NSGA-II to enhance solution diversity and avoid premature convergence, with a focus on
risk—return distribution. In contrast, this study employs the standard NSGA-II framework
as a robust optimization tool and extends its application to a more practical setting by evalu-
ating portfolio performance across distinct stock classifications, thereby generating insights
that are more realistic for real-world investment decisions.
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Similatly, previous research [35] incorporates constraints such as cardinality, pre-allocation,
and budget constraints, and focuses on comparing hybrid metaheuristic methods in terms of
risk—return efficiency. While methodologically rigorous, its contribution is largely algorithm-
centric. This study, however, shifts the emphasis toward an application-oriented perspective
by systematically comparing conventional, Sharia-compliant, overlapping, and combined
porttfolios, thus providing a more comprehensive understanding of how portfolio composi-
tion affects performance in practice.

Another study [30] integrates classical optimization models (mean-variance, mean semi-vari-
ance, MAD, and CVaR) with metaheuristics, but is limited to a small dataset and a short
observation period. Such limitations may reduce the generalizability of the findings. In con-
trast, this research utilizes a broader and more representative dataset (BIST100 and KATI-
LIM50) over a longer time hotizon (2022-2025), enabling a more robust evaluation of port-
folio behavior under varying market conditions.

Furthermore, prior research [37] analyzes portfolio optimization across multiple asset classes
under global crises, highlighting the sensitivity of metaheuristics to macroeconomic shocks
and investor preferences. While this provides valuable macro-level insights, it does not ad-
dress intra-market segmentation. This study fills that gap by focusing on the structural differ-
ences between conventional and Sharia-compliant equities within the same market and
demonstrates that combining these asset groups can significantly improve risk-adjusted per-
formance, particularly in terms of Sharpe and Omega ratios.

Overall, unlike prior studies that are predominantly algorithm-driven or macro-focused, this
research contributes a novel application-driven perspective by integrating portfolio classifica-
tion, comprehensive performance metrics (Sharpe, Sortino, and Omega ratios), and empirical
evidence from an emerging market, thereby offering more actionable insights for investors
decision-making.

6. Conclusions

Research on portfolio optimization using NSGA-II shows that there is a clear trade-off be-
tween risk and return across all portfolio groups. The conventional-only portfolio group pro-
vides the highest return but is accompanied by higher risk, with a maximum expected return
of 127.30%, making it more suitable for risk-secking investors. In contrast, the Sharia-only
group generates relatively lower returns and a narrower efficient frontier, reflecting a stronger
focus on Sharia compliance rather than return maximization. The combined group demon-
strates better diversification potential, with lower risk and relatively higher risk-adjusted re-
turns compared to the other groups. Meanwhile, the both-indexed group occupies an inter-
mediate position, where higher expected returns are generally associated with significantly
increased risk, indicating suitability for investors with moderate risk preferences.

Within the Combined Group, the efficient frontier is positioned further to the left and exhib-
its greater stability compared to the other groups. This indicates that, for a comparable level
of expected return, the group achieves lower risk levels, making it particulatly attractive to
risk-averse investors who prioritize capital stability and downside risk control. The Both-In-
dexed Group, on the other hand, occupies an intermediate position along the efficient fron-
tier, offering competitive returns but with increasing risk at higher return levels. This suggests
suitability for moderately risk-tolerant investors who are willing to accept higher volatility in
exchange for improved returns. The Conventional-Only Group is located toward the upper-
right region of the efficient frontier, reflecting a combination of high return and high risk,
consistent with aggressive investment behavior. In contrast, the Sharia-Only Group remains
more constrained in its risk—return space, making it more appropriate for investors priotitiz-
ing Sharia compliance over return maximization.

Overall, the findings confirm that optimal portfolio selection is strongly driven by investor
risk preferences rather than expected return alone. It should be emphasized that the portfolio
configurations are derived from an academic optimization framework using the Non-Domi-
nated Sorting Genetic Algorithm II (NSGA-II) applied to historical data from January 3,
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2022, to December 30, 2025. Therefore, the results should be interpreted as analytical insights
rather than direct investment recommendations.

7. Limitations and Future Research Directions

In this study, several limitations should be acknowledged. First, the dataset is limited to daily
closing prices of stocks in the BIST100 and KATILIMS50 indices over the period from Janu-
ary 3, 2022, to December 30, 2025, which may limit the generalizability of the findings across
different time periods or markets. Second, the portfolio optimization relies solely on the
NSGA-II method without comparison to alternative optimization techniques, which may lead
to different efficient frontier solutions. Third, the determination of the number of stocks
across groups is based on the smallest group (the Shatia-only group), resulting in other groups
with more than 10 stocks being filtered using the lowest coefficient of variation (CV). This
procedure may automatically exclude stocks with higher expected returns that are typically
preferred by risk-seeking investors, thereby introducing a potential selection bias. Further-
more, this study applied the forward fill method to handle missing values in the dataset. While
this approach preserves the continuity of time series data, it may underestimate actual market
volatility by carrying forward previous price information during missing periods. In addition,
stocks with trading suspensions or missing observations exceeding seven consecutive trading
days were excluded from the analysis to maintain data quality and consistency. Consequently,
the sample may be biased toward more actively traded and liquid stocks. Moreover, the values
of the risk-free rate (Rf), Minimum Acceptable Return (MAR), and threshold were assumed
to be constant at 34%, based on the average yield of Turkey’s 5-year government bond during
the research period. Although this approach simplifies the analysis and ensures consistency
in performance evaluation, it may not fully reflect time-varying market conditions and interest
rate fluctuations, potentially affecting the accuracy of risk-adjusted performance measure-
ments. Finally, the study does not incorporate external factors such as macroeconomic con-
ditions, regulatory changes, or geopolitical events that may influence market performance.

Additionally, the performance and risk measurement in this study is limited to the Sharpe
ratio, Sortino ratio, and Omega ratio, each of which has inherent limitations in fully capturing
the complexity of portfolio risk and return dynamics. The Sharpe ratio assumes symmetric
risk distribution, the Sortino ratio only accounts for downside risk while ignoring upside vol-
atility, and the Omega ratio is sensitive to the choice of threshold, which may affect compa-
rability across studies. Therefore, future research is encouraged to incorporate additional pet-
formance measures such as the Treynor ratio, Jensen’s alpha, Value at Risk (VaR), Conditional
Value at Risk (CVaR), or drawdown-based metrics to provide a more comprehensive assess-
ment of portfolio performance and risk.

Further research could explore the use of alternative metaheuristic algorithms, such as Patticle
Swarm Optimization (PSO) and Differential Evolution (DE), as benchmarks to evaluate the
consistency and robustness of portfolio optimization results [43]. In particular, NSGA-III
may provide advantages in handling many-objective optimization problems and maintaining
solution diversity in complex portfolio allocation scenarios. Other models could consider in-
tegrating Machine Learning methods to improve the estimation of input parameters, such as
asset return and risk prediction, prior to the portfolio optimization stage [44].
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