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Optimal IDX30 Stock Portfolio Construction Using a Two-Constraint
Mean–Variance Model with Robust S-Estimation

Anis Faiqo Tuzzainiyah1, Evy Sulistianingsih1,∗, Nurfitri Imro’ah1

1Department of Statistics, Universitas Tanjungpura, Pontianak, 78124, Indonesia

ABSTRACT. The capital market plays an important role in the economy by providing investment instruments for
investors and financing sources for companies. A capital market portfolio consists of a collection of financial assets,
such as stocks, constructed to achieve an optimal return while reducing investment risk. Mean–variance portfolio
construction is highly sensitive to parameter estimation errors. Therefore, a robust estimation approach is employed
to obtain more stable parameter estimates by minimizing the influence of outliers. This study aims to construct an
optimal stock portfolio through diversification, determine stock weights using a two-constraint mean–variance model
with robust S-estimation, calculate the expected return and risk, and evaluate portfolio performance. The analysis
was conducted using the closing prices of stocks included in the IDX30 Index from October 2024 to September 2025.
The results identified nine stocks with positive expected returns from five different sectors. Based on the stock selection
criteria, two optimal portfolios were constructed. Portfolio 1 consists of ASII, BRPT, INDF, PGAS, and TLKM, whereas
Portfolio 2 consists of ASII, ANTM, INDF, PGAS, and TLKM. Portfolio 1 generates an expected return of 0.137% with a
risk of 2.226%, while Portfolio 2 generates an expected return of 0.097% with a risk of 1.319%. Based on the Sharpe
and Treynor ratios, Portfolio 1 demonstrates relatively better performance than Portfolio 2.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of JJoM: Department of Mathematics, Uni-
versitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Investment is an activity involving the allocation of funds
to one or more types of assets over a certain period with the
expectation of generating income or increasing the value of the
investment in the future [1]. Investment in financial assets is con-
sidered an attractive option for investors because it may provide
higher returns than investment in real assets. Among the various
instruments available in the capital market, stocks are commonly
preferred over other instruments, such as bonds and deposits
[2]. However, despite their promising return potential, stock in-
vestments are also associated with substantial risk because stock
prices fluctuate in response to economic conditions, political de-
velopments, natural disasters, technological changes, andmarket
speculation.

In investment theory, return and risk have a strong posi-
tive relationship, indicating that investments with higher risk are
generally expected to provide higher returns, and vice versa [3].
Investors commonly seek to maximize returns while minimizing
the risks they must bear. Based on their attitudes toward risk, in-
vestors can be classified into three categories: risk seekers, risk-
neutral investors, and risk-averse investors. Risk seekers are will-
ing to accept substantial risk, risk-neutral investors consider the
balance between return and risk, whereas risk-averse investors
prefer investments with lower levels of risk [4]. One strategy for
managing investment risk is to avoid allocating all available funds
to a single stock and instead distribute the investment across sev-
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eral assets through portfolio diversification.
Portfolio diversification is a strategy for reducing invest-

ment risk by distributing funds among several stocks, thereby po-
tentially lowering portfolio risk while maintaining the expected
portfolio return [5]. Through diversification, investors can min-
imize risk for a desired level of return or maximize return for
an acceptable level of risk. Portfolio construction is generally
performed by selecting efficient stocks issued by different com-
panies. Before being included in a portfolio, each stock must
be analyzed to assess its potential future performance. An ef-
fective diversification strategy may involve selecting stocks with
different characteristics, including stocks from different business
sectors, stocks with low correlations, and stocks with positive ex-
pected returns [6].

One method commonly employed in stock portfolio man-
agement by simultaneously considering return and risk is the
mean–variance model. This model enables the construction of
an efficient portfolio by assigning appropriate weights to the
selected assets. One extension of this approach is the two-
constraint mean–variance model, which incorporates two restric-
tions into the portfolio optimization process. In addition to re-
quiring the total investment weight to be equal to one, themodel
also imposes a minimum target return expected by the investor
[7].

Nevertheless, the estimated inputs used in the mean–
variance model, particularly the mean vector and variance–
covariance matrix, are often affected by market fluctuations, ex-
treme observations or outliers, and non-normal return distribu-
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tions. Such instability may produce estimation errors in optimal
portfolio construction and consequently reduce investment per-
formance [8]. To address this limitation, a robust estimation ap-
proach can be applied. Robust estimation provides more stable
parameter estimates by minimizing the influence of extreme ob-
servations on variance and covariance calculations. In the context
of portfolio optimization, a robust portfolio approach aims to re-
duce errors in estimating the mean vector µ and the variance–
covariance matrix Σ used in the mean–variance model [8]. One
robust method that can be employed in portfolio construction
is robust S-estimation, which was developed by Rousseeuw and
Yohai in 1984 [9].

Capital market investment activities in Indonesia are facil-
itated by the Indonesia Stock Exchange (IDX), which provides
trading services for securities such as stocks, bonds, and mutual
funds. One of the stock indices listed on the IDX is the IDX30 In-
dex. This index comprises 30 selected stocks evaluated based on
their liquidity, market capitalization, and consistency of inclusion
in the LQ45 Index over time.

Several previous studies have applied robust mean–
variance approaches to optimal portfolio construction. Supandi
and Anggara applied K-means clustering to stocks included in
the Jakarta Islamic Index (JII) before constructing robust mean–
variance portfolios using S-estimation. Their results showed that
the multi-objective model generated the best portfolios in both
clusters. Cluster 1 performed better under the classical multi-
objective model with λ = 10, whereas Cluster 2 performed bet-
ter under the robust multi-objective model with λ = 100, as in-
dicated by the highest Sharpe ratio [9].

Widiawati and Supandi extended this line of research
by comparing robust S-estimation and robust constrained M-
estimation in portfolios composed of JII stocks grouped using
the K-medoids method. Their findings indicated that the ro-
bust mean–variance portfolio based on constrainedM-estimation
achieved better performance than the portfolio based on robust
S-estimation, as measured by the Sharpe ratio [8]. Furthermore,
Gubu demonstrated that grouping stocks according to business
sectors and applying the robust Fast Minimum Covariance Deter-
minant estimation approach produced superior portfolio perfor-
mance compared with portfolios formed using K-means cluster-
ing [10].

Previous studies have generally applied robust portfolio
models to stocks included in the JII by combining robust estima-
tion with clustering methods. Earlier research has also primarily
focused on comparing several robust estimation techniques to
improve portfolio performance. However, the application of the
two-constraint mean–variancemodel with robust S-estimation to
IDX30 stocks remains relatively limited. Moreover, only a limited
number of studies have incorporated aminimum expected-return
target as an optimization constraint in robust portfolio construc-
tion.

To address these gaps, this study applies a two-constraint
mean–variance model with robust S-estimation to stocks in-
cluded in the IDX30 Index. The stocks are selected based on
sectoral representation using two criteria. The first criterion se-
lects the stock with the highest expected return in each sector,
whereas the second selects stocks based on the combination of
the highest expected return and the lowest stock risk within each

sector. This procedure is expected to generate portfolios that are
more stable against the influence of extreme observations.

Accordingly, this study aims to construct an optimal two-
constraint mean–variance portfolio using robust S-estimation for
stocks that were continuously included in the IDX30 Index from
October 2024 to September 2025. The proposed method con-
siders not only the requirement that the total investment weight
must be equal to one but also the minimum target return ex-
pected by investors. In addition to constructing the portfolios,
this study calculates their expected returns and risks using the
closing-price data of IDX30 stocks from October 2024 to Septem-
ber 2025.

2. Methods

This study employed a literature review by collecting and
examining theoretical foundations related to the two-constraint
mean–variance model and robust S-estimation from relevant
books and journal articles. The analysis used the daily closing
prices of stocks included in the IDX30 Index from October 2024
to September 2025, obtained from https://finance.yahoo.com.
The IDX30 Index consists of 30 stocks, while the research sam-
ple comprised 25 stocks that were consistently included in the
IDX30 Index throughout the observation period. The analytical
procedures are described in the following subsections.

2.1. Stock Return Calculation

Return is the gain generated from an initial investment cap-
ital a, where a > 0, that produces an amount b after one invest-
ment period [11]. The return of stock i at time t is calculated
using eq. (1).

Rxi(t) = ln
(

Pi(t)

Pi(t−1)

)
, (1)

where Rxi(t) denotes the return of stock i in period t, Pi(t) de-
notes the closing price of stock i in period t, and Pi(t−1) denotes
the closing price of stock i in period t− 1.

2.2. Expected Return and Stock Risk Calculation

Expected return represents the return anticipated by in-
vestors from an investment over a particular period [12]. The
expected return of stock i is calculated using eq. (2).

E(Rxi
) =

n∑
t=1

Rxi(t)

n
. (2)

Stock risk represents the deviation between the expected return
and the realized return. A larger deviation indicates a higher level
of investment risk [13]. The risk of stock i is calculated using
eq. (3).

σxi
=

√√√√√√
n∑

t=1

[
Rxi(t) − E(Rxi

)
]2

n− 1
, (3)

where E(Rxi
) denotes the expected return of stock i, Rxi(t) de-

notes the return of stock i at time t, σxi
denotes the risk of stock

i, and n denotes the number of observation periods.
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2.3. Selection of Portfolio-Forming Stocks

The stocks included in each portfolio were selected using
different criteria. Portfolio 1 was constructed by selecting the
stock with the highest expected return in each sector. Portfo-
lio 2 was constructed by selecting stocks with a combination of
relatively high expected returns and relatively low risks in each
sector. Consequently, the selected stocks were expected to pro-
vide optimal returns while maintaining a lower level of risk.

2.4. Descriptive Statistical Analysis

Descriptive statistical analysis was conducted to provide an
overview of the characteristics of stock returns included in each
portfolio. The statistics examined included the minimum value,
maximum value, mean, standard deviation, skewness, and kurto-
sis.

2.5. Normality Test

A normality test was conducted to determine whether the
stock-return data originated from a normally distributed popula-
tion. The Kolmogorov–Smirnov test was employed for this pur-
pose [14]. The hypotheses were formulated as follows:

H0 : The stock-return data are normally distributed,

H1 : The stock-return data are not normally distributed.

The significance level used in this study was α = 5%. The
testing criteria were as follows. If the Asymp. Sig. (2-tailed) value
was greater than α, then H0 was accepted, indicating that the
stock-return data were normally distributed. Conversely, if the
Asymp. Sig. (2-tailed) value was less than α, then H0 was re-
jected, indicating that the stock-return data were not normally
distributed.

2.6. Robust S-Estimation of Parameters

A robust portfolio is designed to minimize errors in esti-
mating the mean vector and variance–covariance matrix used in
the mean–variance portfolio model. A standard approach to con-
structing an optimal robust portfolio is to employ a robust esti-
mation method with a high breakdown point. One such method
is S-estimation, which was first introduced by Rousseeuw and
Yohai in 1984 [9].

The S-estimators of the mean vector and variance–
covariance matrix are obtained by minimizing |Σ| subject to the
constraint in eq. (4).

1

n

n∑
i=1

ρ
([

(ri − µ̂)TΣ−1(ri − µ̂)
]1/2)

= b0, (4)

where |Σ| denotes the determinant of the variance–covariance
matrix, ρ denotes the loss function, b0 denotes a constant, ri
denotes the ith return vector, and µ̂ denotes the estimatedmean-
return vector.

The constant b0 must be appropriately specified because it
affects the estimation results. When the underlying data distribu-
tion is unknown, the constant can be defined as b0 = E{ρ(|r|)}.

The robust S-estimator of the mean-return vector is ob-

tained by solving eq. (5).

1

n

n∑
i=1

u(di) (ri − µ̂S) = 0,

µ̂S =

n∑
i=1

u(di)ri

n∑
i=1

u(di)

.

(5)

The robust variance–covariance matrix is subsequently estimated
using eq. (6).

1

n

n∑
i=1

[
ρu(di)(ri − µ)(ri − µ)T − v(di)Σ̂S

]
= 0,

Σ̂S =

n∑
i=1

ρu(di)(ri − µ)(ri − µ)T

n∑
i=1

v(di)

.

(6)

The functions used in the S-estimation procedure are defined as
follows:

di = (ri − µ)TΣ−1(ri − µ̂),

ψ(di) =
∂ρ

∂di
,

u(di) =
ψ(di)

di
,

v(di) = ψ(di)di − ρ(di) + b0.

The S-estimation procedure was performed iteratively us-
ing eq. (5) and (6), where Σ̂S denotes the robustly estimated
variance–covariance matrix, µ̂S denotes the robustly estimated
mean vector, u(di) denotes the weighting function based on
the Mahalanobis distance of observation i, v(di) denotes the
Mahalanobis-distance function used as a covariance-scale adjust-
ment factor, ψ(di) denotes the derivative of the loss function,
and di denotes the Mahalanobis distance of observation i.

2.7. Portfolio Weight Calculation Using the Two-Constraint
Mean–Variance Model

The optimal portfolio weights in the two-constraint mean–
variance model are obtained by minimizing the portfolio risk:

min
w

1

2
wTΣw,

subject to the following constraints:

wT 1q = 1 and wT r = r0.

The first and second constraints are associated with the Lagrange
multipliers λ and β, respectively [7]. The corresponding La-
grangian function is presented in eq. (7).

L(w, λ, β) =
1

2
wTΣw− λ

(
wT 1q − 1

)
− β

(
wT r− r0

)
. (7)

The Lagrangian function is partially differentiated with re-
spect to the weight vector w and set equal to zero. The opti-
mal portfolio weights under the two-constraint mean–variance
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model are then obtained using eq. (8).

∂L

∂w
= 0,

w = Σ−1 (λ1q + βr) ,

w = Σ−1

[(
D −Br0
AD −BC

)
1q +

(
Ar0 − C

AD − CB

)
r
]
.

(8)

The scalar quantities used in eq. (8) are defined as follows:

A = 1Tq Σ
−11q,

B = 1Tq Σ
−1r,

C = rTΣ−11q,

D = rTΣ−1r.

These formulations follow the two-constraint mean–
variance portfolio model described in [9]. In this formulation,
w denotes the vector of stock proportions in the portfolio, wT

denotes the transpose of the weight vector, Σ denotes the
variance–covariance matrix of stock returns, Σ−1 denotes its in-
verse, 1q denotes a vector of ones of size q × 1, 1Tq denotes
its transpose, r denotes the mean-return vector, rT denotes its
transpose, r0 denotes the target return, λ denotes the Lagrange
multiplier for the first constraint, and β denotes the Lagrange
multiplier for the second constraint.

2.8. Portfolio Return, Risk, and Performance Evaluation
Portfolio return is the weighted average of the returns of

the stocks included in the portfolio and is calculated using eq. (9)
[15].

RP =

n∑
i=1

wiRi. (9)

The expected portfolio return is calculated as the weighted aver-
age of the expected returns of the individual stocks in the port-
folio. The expected portfolio return is presented in eq. (10) [16].

E(RP ) =

n∑
i=1

wiE(Ri). (10)

In portfolio theory, risk represents the possibility that the
realized return differs from the expected return. Portfolio risk is
defined as the square root of portfolio variance. Portfolio vari-
ance and portfolio risk are calculated using eq. (11) and (12), re-
spectively [17].

σ2
P = wTΣw, (11)

σP =
√
wTΣw. (12)

Portfolio performance was evaluated using the Sharpe ratio and
Treynor ratio. The Sharpe ratio is calculated using eq. (13).

SP =
E(RP )−Rf

σP
, (13)

whereas the Treynor ratio is calculated using eq. (14).

TP =
E(RP )−Rf

βP
. (14)

In eq. (9) to (14), σP denotes portfolio risk, RP denotes
portfolio return, E(RP ) denotes expected portfolio return, wi

denotes the portfolio weight of stock i, Ri denotes the return of
stock i, E(Ri) denotes the expected return of stock i, n denotes
the total number of stocks in the portfolio, σ2

P denotes portfolio
variance, Rf denotes the average risk-free interest rate, and βP
denotes the portfolio beta coefficient.

3. Results and Discussion
The construction of an optimal two-constraint mean–

variance portfolio using robust S-estimation involves several an-
alytical stages. First, the stock returns and risks are analyzed.
Subsequently, stocks with positive expected returns from each
sector are selected as candidates for portfolio construction.

3.1. Data Description
This study used the daily closing prices of stocks included in

the IDX30 Index fromOctober 2024 to September 2025, obtained
from https://finance.yahoo.com. Of the 30 stocks listed in the
IDX30 Index, 25 stocks were consistently included throughout
the observation period. The stocks that were consistently listed
in the IDX30 Index are presented in Table 1.

Table 1. Stocks consistently included in the IDX30 Index.

Sector Stock Code Company Name

Basic Materials ANTM PT Aneka Tambang Tbk
BRPT PT Barito Pacific Tbk
INCO PT Vale Indonesia Tbk
INKP PT Indah Kiat Pulp and Paper Tbk
MDKA PT Merdeka Copper Gold Tbk
SMGR PT Semen Indonesia (Persero) Tbk

Consumer Non- AMRT PT Sumber Alfaria Trijaya Tbk
Cyclicals CPIN PT Charoen Pokphand Indonesia

Tbk
ICBP PT Indofood CBP Sukses Makmur

Tbk
INDF PT Indofood Sukses Makmur Tbk
UNVR PT Unilever Indonesia Tbk

Energy ADRO PT Alamtri Resources Indonesia
Tbk

AKRA PT AKR Corporindo Tbk
MEDC PT Medco Energi Internasional

Tbk
PGAS PT Perusahaan Gas Negara Tbk
PTBA PT Bukit Asam Tbk

Industrials ASII PT Astra International Tbk
UNTR PT United Tractors Tbk

Infrastructure TLKM PT Telekomunikasi Indonesia Tbk

Healthcare KLBF PT Kalbe Farma Tbk

Financials BBCA PT Bank Central Asia Tbk
BBNI PT Bank Negara Indonesia

(Persero) Tbk
BBRI PT Bank Rakyat Indonesia

(Persero) Tbk
BMRI PT Bank Mandiri (Persero) Tbk

Technology GOTO PT GoTo Gojek Tokopedia Tbk
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Table 2. Expected returns and risks of the selected stocks.

Stock Code E(Rxi) Risk Stock Code E(Rxi) Risk

BRPT 0.00539 0.04041 UNVR -0.00098 0.03324
ANTM 0.00338 0.03391 BBRI -0.00104 0.02328
PGAS 0.00067 0.02033 AKRA -0.00105 0.02997
ASII 0.00047 0.01868 BBNI -0.00109 0.02475
MEDC 0.00032 0.02530 ICBP -0.00109 0.01754
INCO 0.00026 0.03484 PTBA -0.00118 0.01860
INDF 0.00023 0.01910 SMGR -0.00128 0.03164
TLKM 0.00008 0.02212 BBCA -0.00131 0.01742
CPIN 0.00007 0.02306 KLBF -0.00189 0.02619
UNTR -0.00008 0.02159 BMRI -0.00202 0.02415
INKP -0.00071 0.03009 AMRT -0.00227 0.02841
GOTO -0.00077 0.03269 ADRO -0.00352 0.03811
MDKA -0.00086 0.04263

3.2. Stock Returns, Expected Returns, and Risks

Return represents the gain obtained from an investment af-
ter an initial payment has generated a certain amount of profit
over one period. The individual stock returns were calculated
using eq. (1). Subsequently, the expected return of each stock
was calculated using eq. (2). The complete expected-return and
risk values are presented in Table 2.

As shown in Table 2, among the 25 stocks analyzed, nine
stocks had positive expected returns, whereas 16 stocks had neg-
ative expected returns. Stocks with positive expected returns
indicate that, on average, they generated gains during the ob-
servation period. In contrast, stocks with negative expected re-
turns exhibited a tendency to generate losses when retained in
the portfolio.

Therefore, only stocks with positive expected returns were
considered in the portfolio-construction stage, whereas stocks
with negative expected returns were excluded from the optimiza-
tion process. This selection was intended to increase the likeli-
hood of constructing portfolios capable of achieving the prede-
termined minimum expected-return target.

3.3. Selection of Portfolio-Forming Stocks

The nine stocks with positive expected returns represented
five different sectors. Subsequently, one stock from each sector
was selected according to the portfolio-construction criteria. For
Portfolio 1, the stock with the highest expected return in each
sector was selected. For Portfolio 2, the stock was selected based
on a combination of a relatively high expected return and a rela-
tively low level of risk within each sector. The expected returns
and risks of the candidate stocks are presented in Table 3.

The stocks selected for Portfolio 1 were those with the
highest expected returns in their respective sectors, namely ASII,
BRPT, INDF, PGAS, and TLKM. Meanwhile, Portfolio 2 consisted
of stocks with a combination of relatively high expected returns
and relatively low risks within their respective sectors, namely
ASII, ANTM, INDF, PGAS, and TLKM.

Selecting one stock from each sector was intended to
achieve cross-sector diversification so that the portfolio would
not be concentrated in a particular sector. The different selec-
tion criteria resulted in portfolios with distinct characteristics.
Portfolio 1 emphasized the potential for higher returns, whereas

Table 3. Stocks selected as portfolio candidates.

Sector Stock E(Ri) Risk

Basic Materials ANTM 0.003384 0.033977
BRPT 0.005394 0.040498
INCO 0.000257 0.034915

Industrials ASII 0.000471 0.018718

Consumer Non-Cyclicals CPIN 0.000072 0.023108
INDF 0.000233 0.019140

Energy MEDC 0.000322 0.025352
PGAS 0.000670 0.020369

Infrastructure TLKM 0.000084 0.022170

Portfolio 2 considered the balance between potential returns and
investment risk.

3.4. Descriptive Statistical Analysis

The descriptive statistics of the closing prices of the six
stocks included in the two portfolios are presented in Table 4. In
addition, the stock-price movements, which provide a visual rep-
resentation of the price patterns of the portfolio-forming stocks,
are presented in Figure 1.

As shown in Table 4, ANTM had the largest standard de-
viation among the selected stocks, indicating the highest level
of price fluctuation and investment risk. In contrast, PGAS had
the smallest standard deviation, indicating relatively more sta-
ble price movements than the other stocks. The differences in
volatility demonstrate that each stock had distinct risk charac-
teristics. Therefore, diversification was required to prevent in-
vestment risk from being concentrated in a single stock and to
produce a more efficient portfolio combination.

Furthermore, all portfolio-forming stocks had mean values
greater than their respective median values, indicating that their
price distributions tended to be positively skewed. This condi-
tion suggests the presence of several relatively high stock-price
observations that increased the mean values.

As illustrated in Figure 1, the selected stocks exhibited dif-
ferent price-movement patterns. ASII showed a declining trend
from the beginning to the middle of the observation period, fol-
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Table 4. Descriptive statistics of the portfolio-forming stocks.

Stock Minimum Maximum Mean Median Standard Deviation

ASII 4430 5900 4953.2 4900 320.850
ANTM 1380 3670 2207.65 1650 777.157
BRPT 600 3770 1326.2 972.5 703.230
INDF 6675 8525 7707.6 7700 387.270
PGAS 1440 1885 1618.5 1610 92.252
TLKM 2290 3420 2760 2740 244.200

Figure 1. Stock price movement patterns.

lowed by an increase toward the end of the period. BRPT experi-
enced a decline at the beginning of the period before increasing
sharply during the second half of the observation period. INDF
remained relatively stable with moderate fluctuations through-
out the observation period and generally exhibited an upward
price trend.

PGAS showed a gradual upward trend from the beginning
to the end of the observation period. TLKM experienced a declin-
ing trend during themiddle of the period, followed by an increase
toward the end of the observation period. Meanwhile, ANTM dis-
played relatively stable movements at the beginning of the obser-
vation period. Its price began to increase during the middle of
the period and subsequently fluctuated consistently until the end
of the observation period.

3.5. Normality Test
The normality of the stock-return data was examined using

the One-Sample Kolmogorov–Smirnov test. The decision crite-
rion was based on the Asymp. Sig. (2-tailed) value. The return
data were considered normally distributed when the Asymp. Sig.
(2-tailed) value was greater than the significance level of α = 5%.
The test results are presented in Table 5.

Based on the decision criteria and the results presented in
Table 5, the returns of ASII, ANTM, BRPT, PGAS, and TLKM were

Table 5. Normality test results for the stock-return data.

Stock Asymp. Sig. (2-tailed)

ASII 0.003
ANTM 0.004
BRPT 0.000
INDF 0.051
PGAS 0.000
TLKM 0.025

not normally distributed. INDF was the only stock whose return
data followed a normal distribution. This condition indicates the
possible presence of outliers in the stock-return data.

Non-normality and outliers may reduce the accuracy of the
mean-vector and variance–covariance matrix estimates obtained
using classical estimation methods, thereby potentially produc-
ing suboptimal portfolio weights. Therefore, robust S-estimation
was employed to obtain more accurate parameter estimates that
are less sensitive to non-normal observations and outliers.

3.6. Robust S-Estimation of Portfolio Parameters

After the portfolio-forming stocks had been selected, the
next analytical stage involved calculating the initial parame-
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ters required for constructing the two-constraint mean–variance
portfolios. Parameter estimation was conducted using robust S-
estimation to obtain a mean vector µ̂S and variance–covariance
matrix Σ̂S that weremore resistant to outliers in the stock-return
data.

The robust estimates of the mean vector and variance–
covariance matrix were obtained using the rrcov package. The
robust S-estimated mean vector and variance–covariance matrix
for Portfolio 1 are presented in Tables 6 and 7, respectively.

Table 6. Robust S-estimated mean vector for Portfolio 1.

Stock Mean Vector µ̂S

ASII -0.000132
BRPT 0.002132
INDF -0.000278
PGAS 0.000227
TLKM 0.000188

Table 7. Robust S-estimated variance–covariance matrix for
Portfolio 1.

Stock ASII BRPT INDF PGAS TLKM

ASII 0.000280 0.000095 0.000065 0.000049 0.000082
BRPT 0.000095 0.001121 0.000099 0.000093 0.000171
INDF 0.000065 0.000099 0.000337 0.000043 0.000112
PGAS 0.000049 0.000093 0.000043 0.000340 0.000093
TLKM 0.000082 0.000171 0.000112 0.000093 0.000511

The robust S-estimated mean vector and variance–
covariance matrix for Portfolio 2 are presented in Tables 8 and 9,
respectively.

Table 8. Robust S-estimated mean vector for Portfolio 2.

Stock Mean Vector µ̂S

ASII 0.000184
ANTM 0.002784
INDF -0.000422
PGAS 0.000386
TLKM 0.000522

Table 9. Robust S-estimated variance–covariance matrix for
Portfolio 2.

Stock ASII ANTM INDF PGAS TLKM

ASII 0.000277 0.000041 0.000071 0.000041 0.000076
ANTM 0.000041 0.000988 0.000041 0.000098 0.000045
INDF 0.000071 0.000041 0.000318 0.000037 0.000103
PGAS 0.000041 0.000098 0.000037 0.000301 0.000091
TLKM 0.000076 0.000045 0.000103 0.000091 0.000494

The mean vectors and variance–covariance matrices ob-
tained through robust S-estimation were subsequently used as
input parameters in the two-constraint mean–variance optimiza-
tion model.

3.7. Stock Weight Calculation Using the Two-Constraint
Mean–Variance Model

The portfolio weights were calculated using eq. (8). The
minimum target returns, denoted by r0, were set at 0.00137 for
Portfolio 1 and 0.00096 for Portfolio 2. These target-return val-
ues were determined from the average expected returns of the
five stocks included in each portfolio. The optimal stock weights
for Portfolio 1 and Portfolio 2 are presented in Tables 10 and 11,
respectively.

Table 10. Optimal stock weights for Portfolio 1.

Stock Portfolio Weight

ASII 0.05719
BRPT 0.58376
INDF -0.11001
PGAS 0.36989
TLKM 0.09915

Table 11. Optimal stock weights for Portfolio 2.

Stock Portfolio Weight

ASII 0.28210
ANTM 0.26942
INDF 0.03604
PGAS 0.26942
TLKM 0.16142

The optimal weights presented in Tables 10 and 11 indicate
the recommended proportions of funds to be allocated to each
stock when constructing the optimal portfolios using the two-
constraint mean–variance model with robust S-estimation.

In Portfolio 1, BRPT received the largest investment weight
of 58.38%, followed by PGAS at 36.99%, TLKM at 9.92%, and ASII at
5.72%. In contrast, INDF received a negative weight of −11.00%.
The dominant weight assigned to BRPT indicates that this stock
made the largest contribution toward achieving the target port-
folio return, which is consistent with its position as the stockwith
the highest expected return among the constituents of Portfolio
1. The negative weight assigned to INDF indicates that the opti-
mization model recommends a short-selling strategy to improve
portfolio efficiency and achieve a more optimal combination of
expected return and risk.

Unlike Portfolio 1, the investment weights in Portfolio 2
were more evenly distributed. ASII received the largest weight
of 28.21%, followed by ANTM and PGAS, each with a weight of
26.94%, TLKM with 16.14%, and INDF with 3.60%. All stocks in
Portfolio 2 received positive weights; therefore, this portfolio did
not require a short-selling strategy.

These results indicate that the optimization model pro-
duced a more balanced allocation among stocks with relatively
high expected returns and lower levels of risk in Portfolio 2. Con-
sequently, Portfolio 2 exhibited more favorable risk characteris-
tics than Portfolio 1.

A negative portfolio weight indicates the implementation
of a short-selling strategy. In this strategy, an investor sells bor-
rowed shares at the prevailing market price and subsequently re-
purchases them when the price declines. The potential profit is
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Table 12. Expected return, risk, and performance evaluation of the portfolios.

Portfolio Expected Return Portfolio Risk Sharpe Ratio Treynor Ratio

Portfolio 1 0.001370 0.022259 -2.445282 -0.100902
Portfolio 2 0.000968 0.013193 -4.155959 -0.219962

obtained from the difference between the higher initial selling
price and the lower repurchase price. Short selling is applied
when the optimization process assigns a negative allocation to a
stock within the portfolio [18].

3.8. Portfolio Expected Return, Portfolio Risk, and Performance
Evaluation

Based on the optimal weights obtained, the expected re-
turn and risk of each portfolio were subsequently calculated as
the basis for evaluating portfolio performance. The expected
portfolio return was calculated using eq. (10), whereas portfo-
lio risk was calculated using eq. (12). Portfolio performance
was then evaluated using the Sharpe ratio and Treynor ratio to
measure the return generated relative to the risk borne by in-
vestors, as formulated in eq. (13) and (14). The results of the
expected-return, risk, and portfolio-performance calculations are
presented in Table 12.

As shown in Table 12, Portfolio 1 generated a higher ex-
pected return than Portfolio 2, although it was accompanied by a
higher level of risk. This result reflects the risk–return trade-off,
in which a higher expected return is generally associated with a
greater level of risk borne by investors. In contrast, Portfolio 2
offered a lower level of risk but also generated a lower expected
return.

The Sharpe and Treynor ratios of both portfolios were neg-
ative, indicating that the returns generated during the observa-
tion periodwere insufficient to compensate for the risks borne by
investors relative to the risk-free rate. Nevertheless, Portfolio 1
had higher Sharpe and Treynor ratios than Portfolio 2 because its
values were less negative. Therefore, Portfolio 1 demonstrated
relatively better risk-adjusted performance than Portfolio 2.

4. Conclusion

The two-constraint mean–variance model with robust S-
estimation produced two optimal portfolios based on different
stock-selection criteria. Portfolio 1 consisted of ASII, BRPT, INDF,
PGAS, and TLKM, whereas Portfolio 2 consisted of ASII, ANTM,
INDF, PGAS, and TLKM. The optimization results demonstrated
that different stock-selection criteria generated different portfo-
lio compositions and investment weights, which subsequently re-
sulted in distinct expected-return and risk characteristics.

Portfolio 1 generated an expected return of 0.001370 with
a risk of 0.022259, whereas Portfolio 2 generated an expected
return of 0.000968 with a risk of 0.013193. Based on the Sharpe
and Treynor ratios, Portfolio 1 exhibited relatively better perfor-
mance than Portfolio 2, although both portfolios produced nega-
tive risk-adjusted performance measures during the observation
period.

These findings demonstrate that the stock-selection crite-
ria used in portfolio construction affect the optimization results
and the resulting portfolio performance. Furthermore, robust S-

estimation provided parameter estimates that were more repre-
sentative of stock-return data that did not fully satisfy the nor-
mality assumption. Therefore, this approach can serve as an al-
ternative method for constructing an optimal portfolio that si-
multaneously considers a minimum expected-return target and
investment risk.
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