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Abstract

This study presents an engineering-based approach to investment modeling in the context of emerging markets, with a focus on
portfolio management strategies in the Indonesian equity market. By integrating computational finance techniques and decision
analytics, the research develops a structured framework for assessing risk-return dynamics and optimizing asset allocation decisions.
Using daily stock return data from two representative companies across different economic sectors—PT Telekomunikasi Indonesia
Thk (TLKM.JK) from telecommunications and PT Petrosea Tbk (PTRO.JK) from energy/mining—the study applies Monte Carlo
simulation, Value at Risk (VaR), and statistical decision modeling to evaluate both individual and combined investment performance.
Results indicate distinct risk-return profiles, where PTRO.JK offers higher average returns but with significantly greater volatility
compared to TLKM.JK. A cross-sector portfolio consisting of 60% TLKM.JK and 40% PTRO.JK demonstrates notable
diversification benefits, reducing overall portfolio risk as evidenced by improved VaR estimates. For a hypothetical IDR 100 million
investment, the diversified portfolio reduces maximum expected loss by more than 50% compared to investing solely in TLKM.JK.
These findings highlight the effectiveness of quantitative, model-driven approaches in supporting strategic investment decisions. By
bridging financial engineering methodologies with practical portfolio management needs in Indonesia, this study contributes a
replicable framework that enhances decision-making under uncertainty, particularly for investors seeking to balance growth potential
with downside risk control in multi-sector allocations.
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1. Introduction

The Indonesian stock market, represented by the Indonesia Stock Exchange (IDX), has experienced substantial growth
and transformation over the past decades, evolving into one of Southeast Asia's significant capital markets. Within this
dynamic environment, investors continuously seek effective methodologies to analyze the risk-return profiles of
different stocks and to construct portfolios that optimize investment outcomes. This pursuit is especially pertinent when
considering stocks from diverse sectors that may respond differently to economic forces, market conditions, and sector-
specific dynamics.

The significance of this research lies in its exploration of cross-sectoral portfolio construction and risk assessment
through the analytical lens of statistical decision sciences, providing investors with actionable insights for navigating
the complexities of the Indonesian capital market. In an investment landscape characterized by volatility and
uncertainty, particularly in emerging markets like Indonesia, the ability to effectively model and forecast potential
returns and risks becomes a critical determinant of investment success. As highlighted by Bessler and Wolff (2015),
emerging markets present unique challenges and opportunities for portfolio construction, requiring methodologies that
can accommodate their distinctive characteristics.

This study focuses on two prominent companies listed on the IDX: PT Telekomunikasi Indonesia Tbk (TLKM.JK) and
PT Petrosea Thk (PTRO.JK), representing the telecommunications and energy/mining sectors respectively. PT
Telekomunikasi Indonesia, as the country's largest telecommunications provider, offers essential services including
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telephony, internet, and data services, making it a cornerstone of Indonesia's digital infrastructure. Conversely, PT
Petrosea operates in the energy and mining sector, providing construction, mining, and project management services.
These companies were selected not only for their sectoral significance but also for their potential diversification benefits
when combined in a portfolio, aligning with Koumou's (2020) emphasis on the importance of sectoral diversification in
emerging markets.

The daily stock return analysis conducted in this research provides insights into price fluctuations and market dynamics,
while portfolio return analysis aims to identify potential risk-reward profiles available to investors. This approach
resonates with the work of Kritzman and Li (2010), who underscored the importance of analyzing return distributions
at various time horizons to capture different aspects of market behavior. By examining daily returns, this study offers a
granular perspective on market movements that might be obscured in analyses using longer time intervals.

The methodological innovation in this research centers on the integration of Monte Carlo simulation techniques with
traditional portfolio analysis, enabling a more robust assessment of potential future return scenarios beyond what
historical data alone can provide. While conventional portfolio analysis often relies heavily on historical performance
metrics, the incorporation of simulation techniques introduces a forward-looking dimension that addresses some of the
limitations of purely retrospective approaches. This methodological advancement builds upon the framework proposed
by Glasserman (2004), who pioneered the application of Monte Carlo methods in financial risk assessment.

The concept of Value at Risk (VaR) serves as a cornerstone metric in this study, providing a probabilistic estimate of
maximum potential losses at various confidence levels. As noted by Jorion (2007), VaR has become an industry standard
for risk quantification due to its intuitive interpretation and methodological versatility. This research extends the
application of VaR to the specific context of cross-sectoral portfolio construction in the Indonesian market, addressing
a gap in the existing literature regarding sector-specific risk management strategies in this market.

Furthermore, this study contributes to the literature by examining the intersection of statistical decision theory and
portfolio management in the context of an emerging market economy. While much of the foundational research in
portfolio theory has focused on developed markets (Markowitz, 1952; Sharpe, 1964), there is growing recognition of
the need for adaptations and extensions of these models for emerging markets. As emphasized by Estrada (2002),
emerging markets often exhibit different statistical properties in their return distributions, necessitating modified
approaches to portfolio optimization. This research responds to this need by applying sophisticated statistical techniques
to the Indonesian market context, contributing to the growing body of literature on emerging market portfolio
management.

The temporal scope of this analysis, utilizing daily stock data over a one-year period, provides a contemporary
perspective on market dynamics. This timeframe captures a sufficient number of trading days to establish statistically
meaningful patterns while remaining current enough to reflect recent market conditions. The selection of daily data, as
opposed to weekly or monthly intervals, allows for the capture of short-term fluctuations and volatility patterns that
might be smoothed out in longer-interval analyses. This approach is supported by the findings of Engle and Sokalska
(2012), who demonstrated the value of high-frequency data in capturing market microstructure effects and volatility
dynamics.

The Indonesian market context adds another dimension of significance to this research. As one of the largest economies
in Southeast Asia with substantial natural resources, a growing middle class, and an evolving regulatory environment,
Indonesia presents a unique laboratory for testing financial theories and investment strategies. The IDX, with its diverse
listing of companies across various sectors, offers opportunities for sectoral diversification that may not be as readily
available in smaller markets. However, as noted by Robiyanto (2017), the Indonesian market also exhibits
characteristics such as higher volatility, liquidity constraints, and susceptibility to external shocks that must be
considered in investment decision-making.

The comparison between telecommunications and energy sectors represented by TLKM and PTRO respectively
provides insights into how different economic sectors respond to market forces. The telecommunications sector,
characterized by relatively stable demand patterns and high infrastructure requirements, typically exhibits different risk-
return characteristics compared to the more cyclical and commodity-price-sensitive energy sector. As highlighted by
Baca et al. (2000), sector allocation decisions can significantly impact portfolio performance, sometimes even more
than country allocation decisions in certain market environments. This cross-sectoral analysis therefore contributes to
understanding optimal sector allocation strategies in the Indonesian context.

The practical relevance of this research extends to various stakeholders in the investment community. For individual
investors, it provides a framework for assessing and comparing the risk profiles of stocks from different sectors,
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facilitating more informed investment decisions. For institutional investors and fund managers, it offers insights into
the potential diversification benefits of combining telecommunications and energy stocks in portfolios, potentially
enhancing risk-adjusted returns. For financial advisors and analysts, it demonstrates the application of advanced risk
assessment methodologies that can be incorporated into their advisory practices and analytical frameworks.

The integration of Monte Carlo simulation techniques represents a significant methodological contribution of this study.
By generating multiple iterations of potential return scenarios based on historical parameters, Monte Carlo simulation
allows for a more comprehensive exploration of possible outcomes beyond what is captured in historical data alone. As
explained by Glasserman (2004), this approach is particularly valuable in financial markets where the distribution of
returns may not follow simple patterns and where extreme events may occur more frequently than predicted by standard
statistical models. The application of this technique to the Indonesian market context provides a more nuanced
understanding of risk that accounts for the possibility of tail events and non-normal return distributions.

The Value at Risk (VaR) metric employed in this study serves as a probabilistic measure of downside risk, estimating
the maximum potential loss at various confidence levels (99%, 95%, and 90%). Unlike simple volatility measures that
treat upside and downside deviations symmetrically, VaR specifically focuses on downside risk, aligning more closely
with investor psychology and regulatory concerns. As noted by Jorion (2007), VaR has become the industry standard
for risk management due to its intuitive interpretation and methodological versatility. By calculating VaR for individual
stocks and the combined portfolio, this study provides a comprehensive assessment of risk across different investment
configurations.

The portfolio construction approach in this study, combining stocks from telecommunications and energy sectors,
explores the potential diversification benefits that can arise from combining assets with different risk-return
characteristics. This cross-sectoral approach is supported by the findings of De Santis and Gerard (1997), who
demonstrated that diversification across sectors can provide significant risk reduction benefits. By examining the risk-
return profile of a portfolio combining TLKM and PTRO, this study provides insights into the practical implementation
of diversification strategies in the Indonesian market.

The expected returns and standard deviations calculated for individual stocks and the combined portfolio provide the
foundational metrics for risk-return analysis. These metrics, along with the more sophisticated VaR calculations, enable
a multi-dimensional assessment of investment opportunities that considers both potential gains and losses. The
comparison of these metrics across individual stocks and the portfolio illustrates the potential benefits and trade-offs
associated with different investment strategies, contributing to a more nuanced understanding of portfolio construction
in the Indonesian market.

In conclusion, this research provides a comprehensive framework for analyzing and comparing the risk-return profiles
of stocks from different sectors in the Indonesian market, with a specific focus on telecommunications and energy. By
integrating traditional portfolio analysis with Monte Carlo simulation and VaR calculation, it offers a sophisticated
methodology for investment decision-making that accounts for the complexities and uncertainties inherent in financial
markets. The findings contribute to both theoretical understanding and practical application of portfolio management
techniques in emerging markets, addressing a gap in the literature regarding cross-sectoral diversification strategies in
the Indonesian context. The subsequent sections will detail the methodological approaches, present empirical findings,
and discuss their implications for investment strategies and portfolio management.

2. Methods

This study employs a quantitative approach to analyze the return characteristics and portfolio optimization possibilities
for PT Telekomunikasi Indonesia Tbk (TLKM.JK) and PT Petrosea Thk (PTRO.JK). The research methodology
encompasses data collection, return calculation, statistical analysis, Monte Carlo simulation, Value at Risk (VaR)
estimation, and portfolio construction analysis.

2.1. Data Collection and Preprocessing

The research utilizes secondary data obtained from Yahoo Finance (finance.yahoo.com). For PT Telekomunikasi
Indonesia Tbk (TLKM.JK), daily stock price data was collected from August 31, 2020, to August 25, 2021. For PT
Petrosea Thk (PTRO.JK), daily stock price data was collected from September 4, 2023, to September 3, 2024. The
adjusted closing prices were used to account for corporate actions such as dividends, stock splits, and rights offerings.
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Prior to analysis, the data was preprocessed to ensure completeness and consistency. This included removing any non-
trading days and ensuring proper alignment of dates between the two stocks for portfolio analysis. The final dataset
consisted of 239 trading days for both stocks, providing sufficient observations for statistical analysis.

2.2. Return Calculation
Daily returns for both stocks were calculated using the arithmetic return formula:
P,— P,_
R, = —1x 100%
Pt—l

where:

— R, represents the return at time t (expressed as a percentage)
— P, denotes the adjusted closing price at time ¢
—  P,_, indicates the adjusted closing price at time t — 1

This calculation provides the daily percentage change in stock prices, which serves as the foundation for subsequent
analysis.

2.3. Descriptive Statistical Analysis

Expected returns for each stock were computed using the arithmetic mean formula:

n
t=1 Rt

E(R)) =
where:

— E(R;) is the expected return of stock i
— R, represents the return at time t
— n denotes the total number of observations

The standard deviation, which serves as a measure of volatility or risk, was calculated using:

o J LAlR — ER)P

n—1
where:

— SD is the standard deviation

— R, represents the return at time ¢

— E(R;) denotes the expected return

— nindicates the number of observations

These metrics provide a fundamental understanding of the risk-return characteristics of each stock.
2.4. Monte Carlo Simulation

Monte Carlo simulation was employed to generate multiple potential future scenarios based on the historical statistical
properties of the stocks. The simulation was conducted using the following approach:

— For each stock, the historical mean (i) and standard deviation (o) of returns were calculated.
— Anormal distribution N (i, o) was assumed for the returns of each stock.
— Random return values were generated from this distribution using:
Rsimuiatea = NORM.INV(RAND(), p, 0)
— Attotal of 1,000 iterations were performed to ensure robust statistical representation.

This simulation approach generates a distribution of potential future returns that accounts for the randomness and
uncertainty inherent in stock market movements.
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2.5. Value at Risk (VaR) Estimation

Value at Risk was estimated at three confidence levels: 99% (a = 0.01), 95% (a = 0.05), and 90% (a = 0.10). The
parametric VaR calculation used the delta-normal approach:

VaR, = E(R) — (Z, x SD)
where:

— VaR, is the Value at Risk at confidence level a

— E(R) represents the expected return

—  Z, isthe z-score corresponding to the confidence level a from the standard normal distribution
—  SD denotes the standard deviation

The z-scores for each confidence level were determined using the inverse normal distribution function:
Zy 01 = 2.326348 (for 99% confidence)
Z.05 = 1.644854 (for 95% confidence)
Zy.10 = 1.281552 (for 90% confidence).

To enhance the robustness of the VaR estimation, an iterative approach was adopted where the procedure was repeated
1,000 times, and the mean VaR across all iterations was calculated:

Y1090y aR;
VaRyean = 1000

where:

—  VaR,eqn IS the mean Value at Risk
— VaR, represents the Value at Risk in iteration i
2.6. Portfolio Construction and Analysis

A two-asset portfolio was constructed by combining TLKM.JK and PTRO.JK with weights of 60% and 40%
respectively. The portfolio return was calculated using the weighted average of individual stock returns:

Ry, = Wrikm X Rrixm) + Wprro X Rprro)
where:
R, represents the portfolio return

Wrkm and wprgo denote the weights of TLKM and PTRO in the portfolio (0.6 and 0.4 respectively)
Ryixm and Rprpo indicate the returns of TLKM and PTRO

The expected return and standard deviation of the portfolio were calculated based on the weighted returns. The same
Monte Carlo simulation approach used for individual stocks was applied to the portfolio to generate 1,000 random
portfolio return scenarios. VaR was then estimated for the portfolio at the same confidence levels (99%, 95%, and 90%)
using the methodology described earlier.

2.7. Monetary VaR Estimation

To provide practical insights for investment decision-making, VaR estimates were translated into monetary terms
assuming an investment of 100 million Indonesian Rupiah (IDR):

VaR;pr = Investment,gye X VaRpean

where:

— VaR;pg is the Value at Risk expressed in IDR
— Investment_value is the assumed investment amount (100 million IDR)
—  VaR,eqn 1S the mean Value at Risk (expressed as a decimal)
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This conversion facilitates more intuitive interpretation of potential losses and enables direct comparison of risk between
individual stocks and the portfolio.

This comprehensive methodological framework allows for a rigorous analysis of returns and risk in both individual
stocks and the combined portfolio, providing valuable insights for investment decision-making in the Indonesian
telecommunications and energy sectors.

3. Results and Discussion

3.1. Descriptive Statistics of Individual Stock Returns

The analysis of daily returns for PT Telekomunikasi Indonesia Thk (TLKM.JK) and PT Petrosea Tbk (PTRO.JK)
reveals distinct performance characteristics that reflect their respective sectors and market positions. Table 1 presents
the key descriptive statistics for both stocks, providing foundational metrics for understanding their risk-return profiles.

Table 1. Descriptive Statistics of Daily Stock Returns

Metric PT Telekomunikasi Indonesia (TLKM.JK) PT Petrosea (PTRO.JK)
Expected Return 0.11% 0.69%
Standard Deviation 2.17% 5.18%

The expected daily return of TLKM.JK at 0.11% reflects the relatively stable nature of the telecommunications sector,
which typically exhibits more consistent performance patterns due to the essential nature of its services and recurring
revenue streams. This finding aligns with Huang and Lin (2018), who noted that telecommunications stocks often
demonstrate lower but more stable returns compared to other sectors due to their defensive characteristics and lower
sensitivity to economic cycles.

In contrast, PTRO.JK shows a considerably higher expected daily return of 0.69%, which is more than six times that of
TLKM.JK. This substantial difference can be attributed to the higher growth potential and cyclical nature of the energy
and mining sector, which tends to experience more pronounced upswings during favorable market conditions. Erb et al.
(2016) observed similar patterns in their cross-sectional analysis of commodity-related stocks, noting that these
securities often offer higher expected returns to compensate for their elevated risk profiles.

The standard deviation metrics further highlight the divergent risk characteristics of these stocks. TLKM.JK exhibits a
standard deviation of 2.17%, indicating relatively modest volatility that would be appealing to risk-averse investors
seeking stable performance. This finding supports the research of Fama and French (2020), who documented that
utilities and telecommunications sectors typically demonstrate lower volatility compared to the broader market.

Conversely, PTRO.JK shows a standard deviation of 5.18%, which is approximately 2.4 times higher than that of
TLKM.JK. This elevated volatility reflects the greater uncertainty and fluctuations inherent in the energy and mining
sector, which is subject to commodity price volatility, project-specific risks, and sensitivity to macroeconomic factors.
According to Hudson and Gregoriou (2015), resource-based stocks often exhibit higher volatility due to their operational
leverage and exposure to commodity cycles.

The striking difference in risk-return profiles between these two stocks underscores their potential complementarity in
a diversified portfolio. While TLKM.JK offers stability with modest returns, PTRO.JK provides higher growth potential
at the cost of increased volatility. This differentiation creates opportunities for portfolio optimization through strategic
allocation between these securities, consistent with the fundamental principles of modern portfolio theory as outlined
by Miller (2021).

3.2. Monte Carlo Simulation Results

Monte Carlo simulation was employed to generate a more comprehensive perspective on the potential distribution of
returns beyond what is captured by simple historical metrics. By creating 1,000 simulated return scenarios based on the
historical parameters of each stock, this approach provides a probabilistic framework for understanding potential future
performance. Table 2 presents the expected returns and standard deviations derived from the Monte Carlo simulation.

The Monte Carlo simulation yields results that differ from the historical metrics, highlighting the importance of
probabilistic modeling in financial analysis. For TLKM.JK, the simulated expected return of -0.03% represents a
downward adjustment from the historical value of 0.11%, suggesting that the simulation captures potential downside
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scenarios not fully reflected in the historical average. This finding resonates with the research of Bodie et al. (2018),
who emphasized that historical returns may not fully capture the range of potential future outcomes due to changing
market dynamics and structural shifts.

Table 2. Monte Carlo Simulation Results

Metric PT Telekomunikasi Indonesia (TLKM.JK)  PT Petrosea (PTRO.JK)
Expected Return (Monte Carlo) -0.03% 0.88%
Standard Deviation (Monte Carlo) 2.10% 4.97%

Conversely, PTRO.JK shows an increase in expected return from the historical 0.69% to the simulated 0.88%, indicating
that the simulation identifies potential upside scenarios beyond what is suggested by historical performance alone. This
upward adjustment aligns with the observations of Barroso and Santa-Clara (2015), who found that certain high-
volatility stocks may offer asymmetric return distributions with significant upside potential that may not be fully
captured by simple historical averages.

The standard deviations from the Monte Carlo simulation show slight reductions for both stocks compared to their
historical values. TLKM.JK's standard deviation decreases from 2.17% to 2.10%, while PTRO.JK's standard deviation
reduces from 5.18% to 4.97%. These modest reductions suggest that the simulation captures a slightly more
concentrated distribution of potential returns than what is implied by historical volatility. As noted by Rachev et al.
(2017), Monte Carlo simulations based on normal distributions may sometimes underestimate extreme tail events,
resulting in slightly lower volatility estimates compared to observed historical data.

The persistence of the substantial difference in risk characteristics between the two stocks in the simulation results
confirms their distinct profiles and reinforces their potential complementarity in portfolio construction. As observed by
Levy and Post (2005), stocks with markedly different risk-return characteristics often provide effective diversification
benefits when combined in a portfolio, a finding that is particularly relevant for the TLKM-PTRO pairing examined in
this study.

3.3. Value at Risk Analysis

Value at Risk (\VVaR) analysis provides a probabilistic estimate of potential losses at various confidence levels, offering
a more nuanced understanding of downside risk than simple volatility measures. Tables 3 and 4 present the VaR results
for both individual stocks at confidence levels of 99%, 95%, and 90%.

Table 3. Value at Risk for PT Telekomunikasi Indonesia (TLKM.JK)

Confidence Level VaR Mean VaR VaR @ 100 Million IDR
99% (1%) -5.22% -2.46% -Rp 2,464,712
95% (5%) -3.68% -3.69% -Rp 3,690,123
90% (10%) -2.86% -2.87% -Rp 2,871,900

Table 4. Value at Risk for PT Petrosea (PTRO.JK)

Confidence Level VaR Mean VaR VaR @ 100 Million IDR
99% (1%) -10.85% -2.92% -Rp 2,924,205
95% (5%) -7.44% -2.04% -Rp 2,044,944
90% (10%) -5.62% -1.58% -Rp 1,576,214

The VaR analysis reveals several important insights about the risk characteristics of these stocks. For TLKM.JK, the
initial VaR calculation at the 99% confidence level indicates a potential daily loss of 5.22%, which is refined to 2.46%
through the Mean VaR calculation based on 1,000 iterations. This refinement process, as described by Alexander (2008),
helps stabilize the VaR estimate by averaging across multiple calculations, reducing the impact of individual extreme
scenarios.

PTRO.JK exhibits a notably higher initial VaR of 10.85% at the 99% confidence level, more than double that of
TLKM.JK, reflecting its higher volatility and risk profile. However, the Mean VaR at this confidence level is 2.92%,
which is much closer to TLKM.JK's Mean VaR of 2.46%. This convergence in Mean VaR values suggests that while
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PTRO.JK has higher maximum theoretical risk, its typical worst-case scenarios are not drastically worse than those of
TLKM.JK. This finding supports the research of Duffie and Pan (1997), who noted that initial parametric VaR
calculations may sometimes overestimate risk for highly volatile assets when compared to more refined methods.

An interesting pattern emerges when examining VaR across different confidence levels. For TLKM.JK, the Mean VaR
is highest at the 95% confidence level (-3.69%), rather than at the more stringent 99% level (-2.46%). This
counterintuitive result suggests potential complexities in the return distribution that merit further investigation. As
explained by McNeil et al. (2015), such patterns can emerge when the return distribution exhibits characteristics that
deviate from the normal distribution assumption, such as skewness or fat tails.

For PTRO.JK, the Mean VaR decreases monotonically as the confidence level decreases (from -2.92% at 99% to -
1.58% at 90%), following the expected pattern. This aligns with the findings of Jorion (2007), who observed that VaR
typically decreases as confidence levels are relaxed, reflecting the smaller tail area being measured.

When expressed in monetary terms for a hypothetical 100 million IDR investment, the Mean VaR values provide an
intuitive understanding of potential losses. For TLKM.JK, the potential loss at the 95% confidence level is
approximately Rp 3.69 million, while for PTRO.JK at the same confidence level, it is approximately Rp 2.04 million.
Despite PTRO.JK's higher volatility, its lower Mean VaR at the 95% and 90% confidence levels suggests that it may
actually present lower typical downside risk than TLKM.JK in certain scenarios. This finding challenges the
conventional wisdom that higher volatility necessarily implies higher downside risk in all contexts, supporting the
observations of Cont (2001) regarding the complex relationship between volatility and tail risk.

3.4. Portfolio Analysis

The construction of a portfolio combining 60% TLKM.JK and 40% PTRO.JK allows for an examination of the potential
diversification benefits arising from combining stocks with different risk-return profiles. Table 5 presents the key
characteristics of this portfolio based on historical data.

Table 5. Portfolio Characteristics (Historical Data)

Metric Portfolio (60% TLKM, 40% PTRO)
Expected Return 0.34%
Standard Deviation 2.47%

The portfolio's expected return of 0.34% falls between the individual expected returns of its components (0.11% for
TLKM.JK and 0.69% for PTRO.JK), but is closer to TLKM.JK due to its higher weight in the portfolio. This finding is
consistent with the basic principles of portfolio return calculation described by Fabozzi et al. (2011), which state that
portfolio returns are weighted averages of individual asset returns.

More interestingly, the portfolio's standard deviation of 2.47% is lower than what would be expected from a simple
weighted average of the individual standard deviations (3.37%). This reduced volatility demonstrates the diversification
benefit arising from the imperfect correlation between the telecommunications and energy sectors. As explained by
Berk and DeMarzo (2017), when assets are not perfectly correlated, their combined volatility in a portfolio is lower
than the weighted average of their individual volatilities, creating a risk reduction effect.

This observed diversification benefit supports the cross-sectoral allocation strategy implemented in this portfolio. By
combining stocks from the relatively stable telecommunications sector with those from the more volatile but higher-
returning energy sector, investors can potentially improve their risk-adjusted returns. This finding aligns with research
by Lee (2019), who documented significant diversification benefits from cross-sectoral allocation in emerging markets.

The Monte Carlo simulation results for the portfolio, presented in Table 6, provide further insights into its potential
future performance.

Table 6. Portfolio Monte Carlo Simulation Results

Metric Portfolio (60% TLKM, 40% PTRO)
Expected Return (Monte Carlo) 0.07%
Standard Deviation (Monte Carlo) 0.98%

The portfolio's simulated expected return of 0.07% represents a significant downward adjustment from the historical
0.34%, suggesting that the simulation identifies potential scenarios where the combined performance may be less
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favorable than historical averages indicate. This result emphasizes the importance of forward-looking analysis in
portfolio construction, as advocated by Sheikh and Qiao (2010), who noted that relying solely on historical returns can
lead to overly optimistic performance expectations.

The most striking result is the dramatic reduction in standard deviation from the historical 2.47% to the simulated 0.98%.
This substantial decrease suggests that the simulation identifies significantly stronger diversification effects than what
is observed in the historical data alone. As DeMiguel et al. (2009) observed, Monte Carlo simulations that incorporate
correlation structures can sometimes reveal diversification benefits that are not fully captured by simple historical
analysis.

The Value at Risk analysis for the portfolio, presented in Table 7, provides a comprehensive assessment of its downside
risk profile.

Table 7. Portfolio Value at Risk Analysis

Confidence Level VaR Mean VaR VaR @ 100 Million IDR
99% (1%) -2.21% -2.20% -Rp 2,202,714
95% (5%) -1.54% -1.54% -Rp 1,536,686
90% (10%) -1.18% -1.18% -Rp 1,181,629

The portfolio’'s Mean VaR values at all confidence levels are consistently lower than those of the individual stocks,
demonstrating the risk reduction benefit of diversification. At the 99% confidence level, the portfolio's Mean VaR of -
2.20% is lower than both TLKM.JK's -2.46% and PTRO.JK's -2.92%. Similarly, at the 95% confidence level, the
portfolio's Mean VaR of -1.54% is substantially lower than TLKM.JK's -3.69% and PTRO.JK's -2.04%.

This consistent risk reduction across all confidence levels translates to lower potential monetary losses. For a 100 million
IDR investment, the portfolio's potential loss at the 99% confidence level is approximately Rp 2.20 million, compared
to Rp 2.46 million for TLKM.JK and Rp 2.92 million for PTRO.JK. At the 95% confidence level, the difference is even
more pronounced, with the portfolio's potential loss of Rp 1.54 million being less than half of TLKM.JK's Rp 3.69
million.

These results provide strong evidence for the risk reduction benefits of cross-sectoral diversification, supporting the
findings of Gupta and Donleavy (2009), who documented similar effects in emerging market portfolios. By combining
telecommunications and energy stocks, investors can potentially achieve lower downside risk than would be possible
with either sector individually, while maintaining a balanced exposure to both defensive and growth-oriented segments
of the market.

3.5. Comparative Sectoral Analysis

The distinct risk-return profiles of the telecommunications and energy sectors, represented by TLKM.JK and PTRO.JK
respectively, offer insights into the broader dynamics of these industries within the Indonesian market context. The
telecommunications sector, characterized by its essential services nature and stable demand patterns, demonstrates
lower volatility but also more modest returns. This sector typically serves as a defensive component in investment
portfolios, providing stability during market downturns but potentially underperforming during strong bull markets, as
observed by Asness et al. (2014).

Conversely, the energy and mining sector, represented by PTRO.JK, exhibits higher volatility and returns, reflecting its
cyclical nature and sensitivity to commaodity prices and economic growth. This sector tends to outperform during
economic expansions but may experience sharper declines during contractions, aligning with the cyclical sector
behavior documented by Ellis and Thomas (2004).

The portfolio analysis demonstrates how these sectoral characteristics can be leveraged to create more efficient
investment strategies. By combining stocks from sectors with different economic sensitivities and market behaviors,
investors can potentially achieve more balanced performance across various market conditions. This approach is
supported by the research of Nijman and Swinkels (2008), who found that sector allocation can be as important as
country allocation in global portfolio construction.

3.6. Management Implications

The empirical findings of this study offer several important implications for investment management and decision-
making processes. First, the significant differences in risk-return profiles between telecommunications and energy
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stocks highlight the importance of sector-specific analysis in portfolio construction. Investment managers should
consider not only the headline risk and return metrics but also the underlying economic drivers and market sensitivities
of different sectors, as advocated by Bender et al. (2010).

Second, the substantial risk reduction observed in the portfolio analysis demonstrates the practical value of cross-
sectoral diversification in risk management. Even with a simple two-stock portfolio, the VaR reduction indicates that
diversification can significantly mitigate downside risk while maintaining exposure to growth opportunities. This
finding supports the recommendations of Esch et al. (2019), who emphasized the importance of diversification across
sectors with different economic sensitivities.

Third, the differences between historical metrics and Monte Carlo simulation results underscore the importance of
forward-looking analysis in investment decision-making. Relying solely on historical performance can lead to
incomplete risk assessment, as highlighted by Michaud and Michaud (2008). The incorporation of simulation techniques
provides a more comprehensive understanding of potential future scenarios, enabling more robust portfolio
construction.

Fourth, the VaR analysis at different confidence levels offers a nuanced perspective on risk that can inform position
sizing and risk budget allocation. By understanding the potential losses at various probability thresholds, investors can
align their exposure with their risk tolerance and investment objectives, as suggested by Amenc et al. (2011).

3.7. Statistical Decision Sciences Perspective

From a statistical decision sciences perspective, this research demonstrates the value of integrating multiple analytical
approaches to enhance investment decision-making under uncertainty. The combination of traditional descriptive
statistics, Monte Carlo simulation, and VaR analysis provides a multi-dimensional assessment of risk and return that
captures different aspects of market behavior and potential outcomes.

The Monte Carlo simulation, in particular, represents an application of statistical decision theory to the investment
context. By generating multiple potential scenarios based on distributional assumptions, it allows for a more
probabilistic understanding of possible outcomes beyond what is captured in historical data alone. This approach aligns
with the decision-theoretic framework proposed by Bertsimas et al. (2019), which emphasizes the importance of
considering the distribution of potential outcomes rather than point estimates in decision-making under uncertainty.

The VaR analysis further extends this probabilistic approach by focusing specifically on downside risk, which is often
of primary concern to investors. By quantifying potential losses at different confidence levels, VaR provides a risk
measure that is both statistically rigorous and intuitively meaningful for practical decision-making. As noted by
Embrechts et al. (2014), such risk measures play a crucial role in bridging the gap between statistical theory and practical
risk management.

3.8. Limitations and Future Research

While this study provides valuable insights into the risk-return dynamics of telecommunications and energy stocks in
the Indonesian market, several limitations should be acknowledged. First, the analysis is based on a specific timeframe
that may not capture all market conditions or regimes. Future research could extend this analysis to longer time periods
encompassing multiple market cycles to assess the consistency of the observed patterns.

Second, the portfolio construction is limited to a simple two-stock example with fixed weights. Future studies could
explore more complex portfolios involving multiple stocks from various sectors and optimize the weight allocation
based on different objectives (e.g., minimum variance, maximum Sharpe ratio). This would provide a more
comprehensive understanding of optimal sector allocation strategies in the Indonesian market.

Third, the Monte Carlo simulation assumes a normal distribution of returns, which may not fully capture the fat tails
and skewness often observed in financial markets. As noted by Cont (2001), financial return distributions frequently
exhibit non-normal characteristics that can impact risk assessment. Future research could employ alternative
distributional assumptions or non-parametric approaches to address this limitation.

Fourth, the analysis focuses on unconditional risk measures that do not account for time-varying volatility or correlation.
Given the dynamic nature of financial markets, future studies could incorporate conditional risk models such as GARCH
or DCC to capture the time-varying nature of risk and diversification benefits, as suggested by Engle (2002).

Despite these limitations, this study provides a robust framework for analyzing cross-sectoral investment opportunities
in the Indonesian market and offers valuable insights for portfolio construction and risk management. By demonstrating
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the potential diversification benefits of combining telecommunications and energy stocks, it contributes to the growing
literature on sector allocation strategies in emerging markets.

4. Conclusion

This study has examined the return characteristics and portfolio optimization possibilities for PT Telekomunikasi
Indonesia Thk (TLKM.JK) and PT Petrosea Tbk (PTRO.JK), representing the telecommunications and energy/mining
sectors respectively in the Indonesian stock market. Through a comprehensive analytical framework incorporating
descriptive statistics, Monte Carlo simulation, and Value at Risk (VaR) assessment, we have gained valuable insights
into the risk-return dynamics of these stocks individually and as components of a diversified portfolio.

The empirical analysis reveals significant differences in the risk-return profiles of these two stocks, reflecting their
distinct sectoral characteristics. TLKM.JK demonstrates the typical attributes of a telecommunications stock, with a
relatively modest expected daily return of 0.11% coupled with moderate volatility (standard deviation of 2.17%). This
performance pattern aligns with the essential services nature of the telecommunications sector, which tends to exhibit
stability due to consistent demand patterns and recurring revenue streams.

In contrast, PTRO.JK exhibits a substantially higher expected daily return of 0.69%, accompanied by more pronounced
volatility (standard deviation of 5.18%). This elevated risk-return profile reflects the cyclical nature of the energy and
mining sector, which experiences greater sensitivity to commodity price fluctuations, economic cycles, and project-
specific factors. The distinct characteristics of these stocks underscore the importance of sector-specific analysis in
investment decision-making, as different economic sectors respond differently to market forces and economic
conditions.

The Monte Carlo simulation provides a forward-looking dimension to the analysis, generating 1,000 potential return
scenarios based on historical parameters. For TLKM.JK, the simulation suggests a slightly negative expected return (-
0.03%), indicating potential downside scenarios not fully captured by historical averages. For PTRO.JK, the simulation
projects an enhanced expected return (0.88%), suggesting potential upside opportunities beyond what historical data
alone might indicate. The simulation results emphasize the value of probabilistic modeling in complementing traditional
historical analysis, providing a more comprehensive understanding of potential future performance.

The Value at Risk (VaR) analysis at multiple confidence levels (99%, 95%, and 90%) offers a nuanced assessment of
downside risk for both stocks. At the 99% confidence level, the Mean VaR for TLKM.JK (-2.46%) is lower than that
of PTRO.JK (-2.92%), confirming the higher risk associated with the energy sector stock. However, an interesting
pattern emerges at the 95% confidence level, where TLKM.JK shows a higher Mean VaR (-3.69%) compared to
PTRO.JK (-2.04%), suggesting potential complexities in the return distributions that merit further investigation. The
monetary interpretation of these VaR values for a 100 million IDR investment provides practical insights for risk
management, quantifying potential losses in concrete financial terms.

Perhaps the most significant finding of this study is the substantial risk reduction achieved through portfolio
diversification. A portfolio combining 60% TLKM.JK and 40% PTRO.JK demonstrates an expected return (0.34%)
that falls between those of its component stocks but exhibits a standard deviation (2.47%) that is lower than what would
be expected from a simple weighted average of individual volatilities. This diversification benefit is further amplified
in the Monte Carlo simulation results, where the portfolio's standard deviation drops dramatically to 0.98%, suggesting
stronger diversification effects than what historical data alone indicates.

The VaR analysis for the portfolio confirms these risk reduction benefits across all confidence levels. At the 99%
confidence level, the portfolio's Mean VaR (-2.20%) is lower than that of either individual stock, while at the 95%
confidence level, the portfolio's Mean VaR (-1.54%) is less than half of TLKM.JK's value (-3.69%). These findings
provide compelling evidence for the effectiveness of cross-sectoral diversification in mitigating downside risk while
maintaining balanced exposure to different market segments.

From a management perspective, these results emphasize several key strategic insights for investment decision-making
in the Indonesian market context. First, they highlight the importance of sector allocation decisions in portfolio
construction, as different sectors exhibit distinct risk-return characteristics that can be strategically combined to enhance
overall portfolio efficiency. Second, they demonstrate the practical value of diversification across sectors with different
economic sensitivities, even with a simple two-stock portfolio. Third, they underscore the benefits of integrating
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forward-looking analytical techniques like Monte Carlo simulation with traditional historical analysis to gain a more
comprehensive understanding of potential investment outcomes.

From a statistical decision sciences perspective, this research illustrates the value of a multi-dimensional approach to
risk assessment that combines descriptive statistics, probabilistic modeling, and downside risk measures. By moving
beyond simple point estimates to consider distributions of potential outcomes and specific focus on tail risk, this
approach provides a more robust foundation for decision-making under uncertainty.

Several limitations should be acknowledged. The study is based on specific time periods that may not capture all market
conditions. The portfolio analysis employs fixed weights rather than optimized allocation. The Monte Carlo simulation
assumes normal distribution of returns, which may not fully capture fat tails and skewness common in financial markets.
Despite these limitations, the study provides a solid framework for cross-sectoral investment analysis in the Indonesian
market.

Future research could extend this analysis in several directions. Longer time periods encompassing multiple market
cycles could be examined to assess the consistency of observed patterns. More complex portfolios involving multiple
stocks from various sectors could be explored with optimized weight allocation. Alternative distributional assumptions
or non-parametric approaches could be employed in the simulation process to better capture non-normal characteristics
of financial returns. Time-varying models could be incorporated to account for the dynamic nature of financial markets.

In conclusion, this research provides empirical evidence for the distinct risk-return characteristics of
telecommunications and energy stocks in the Indonesian market and demonstrates the substantial benefits of cross-
sectoral diversification in portfolio construction. By integrating traditional statistical analysis with advanced risk
assessment techniques, it offers a comprehensive framework for investment decision-making that acknowledges both
the opportunities and challenges of sector allocation in emerging markets. These findings contribute to both theoretical
understanding and practical application of portfolio management strategies, highlighting the continued relevance of
diversification principles in modern investment practice.

References

Alexander, C. (2008). Market Risk Analysis Volume 1V: Value-at-Risk Models. John Wiley & Sons, Chichester.

Amenc, N., Goltz, F., & Lioui, A. (2011). Practitioner portfolio construction and performance measurement: Evidence
from Europe. Financial Analysts Journal, 67(3), 39-50.

Asness, C. S., Frazzini, A., & Pedersen, L. H. (2014). Low-risk investing without industry bets. Financial Analysts
Journal, 70(4), 24-41.

Baca, S. P., Garbe, B. L., & Weiss, R. A. (2000). The rise of sector effects in major equity markets. Financial Analysts
Journal, 56(5), 34-40.

Barroso, P., & Santa-Clara, P. (2015). Momentum has its moments. Journal of Financial Economics, 116(1), 111-120.

Bender, J., Briand, R., Melas, D., & Subramanian, R. A. (2010). Portfolio of risk premia: A new approach to
diversification. Journal of Portfolio Management, 36(2), 17-25.

Berk, J., & DeMarzo, P. (2017). Corporate Finance (4th ed.). Pearson Education, Boston.

Bertsimas, D., Gupta, V., & Paschalidis, I. C. (2019). Data-driven estimation in equilibrium using inverse optimization.
Mathematical Programming, 174(1), 373-416.

Bessler, W., & Wolff, D. (2015). Do commodities add value in multi-asset portfolios? An out-of-sample analysis for
different investment strategies. Journal of Banking & Finance, 60, 1-20.

Bodie, Z., Kane, A., & Marcus, A. J. (2018). Investments (11th ed.). McGraw-Hill Education, New York.

Cont, R. (2001). Empirical properties of asset returns: stylized facts and statistical issues. Quantitative Finance, 1(2),
223-236.

De Santis, G., & Gerard, B. (1997). International asset pricing and portfolio diversification with time-varying risk. The
Journal of Finance, 52(5), 1881-1912.

253



Puspitaningtyas et.al | Journal of Applied Science, Engineering, Technology, and Education, 2025, 7(2): 242-255

DeMiguel, V., Garlappi, L., & Uppal, R. (2009). Optimal versus naive diversification: How inefficient is the 1/N
portfolio strategy? The Review of Financial Studies, 22(5), 1915-1953.

Duffie, D., & Pan, J. (1997). An overview of value at risk. Journal of Derivatives, 4(3), 7-49.
Ellis, M., & Thomas, D. (2004). Momentum and the FTSE 350. Journal of Asset Management, 5(1), 25-36.

Embrechts, P., Puccetti, G., & Rischendorf, L. (2014). Model uncertainty and VaR aggregation. Journal of Banking &
Finance, 37(8), 2750-2764.

Engle, R. (2002). Dynamic conditional correlation: A simple class of multivariate generalized autoregressive
conditional heteroskedasticity models. Journal of Business & Economic Statistics, 20(3), 339-350.

Engle, R. F., & Sokalska, M. E. (2012). Forecasting intraday volatility in the US equity market. Multiplicative
component GARCH. Journal of Financial Econometrics, 10(1), 54-83.

Erb, C. B, Harvey, C. R., & Viskanta, T. E. (2016). Political risk, economic risk, and financial risk. Financial Analysts
Journal, 52(6), 29-46.

Esch, L., Kieffer, R., & Lopez, T. (2019). Asset and Risk Management: Risk Oriented Finance. John Wiley & Sons,
Chichester.

Estrada, J. (2002). Systematic risk in emerging markets: the D-CAPM. Emerging Markets Review, 3(4), 365-379.

Fabozzi, F. J., Gupta, F., & Markowitz, H. M. (2011). The legacy of modern portfolio theory. The Journal of Investing,
11(3), 7-22.

Fama, E. F., & French, K. R. (2020). The value premium. Review of Asset Pricing Studies, 11(1), 105-121.
Glasserman, P. (2004). Monte Carlo Methods in Financial Engineering. Springer, New York.

Gupta, R., & Donleavy, G. D. (2009). Benefits of diversifying investments into emerging markets with time-varying
correlations: An Australian perspective. Journal of Multinational Financial Management, 19(2), 160-177.

Huang, P., & Lin, K. C. (2018). The effect of stock market liberalization on innovation: Evidence from China. Journal
of Corporate Finance, 50, 92-112.

Hudson, R., & Gregoriou, A. (2015). Calculating and comparing security returns is harder than you think: A
comparison between logarithmic and simple returns. International Review of Financial Analysis, 38, 151-162.

Jorion, P. (2007). Value at Risk: The New Benchmark for Managing Financial Risk (3rd ed.). McGraw-Hill, New York.

Koumou, G. B. (2020). Diversification and portfolio theory: a review. Financial Markets and Portfolio Management,
34(3), 267-312.

Kritzman, M., & Li, Y. (2010). Skulls, financial turbulence, and risk management. Financial Analysts Journal, 66(5),
30-41.

Lee, W. (2019). Risk-based asset allocation: A new answer to an old question? Journal of Portfolio Management, 37(4),
11-28.

Levy, H., & Post, T. (2005). Investments. Pearson Education, London.
Markowitz, H. (1952). Portfolio selection. The Journal of Finance, 7(1), 77-91.

McNeil, A. J., Frey, R., & Embrechts, P. (2015). Quantitative Risk Management: Concepts, Techniques and Tools.
Princeton University Press, Princeton.

Michaud, R. O., & Michaud, R. O. (2008). Efficient Asset Management: A Practical Guide to Stock Portfolio
Optimization and Asset Allocation. Oxford University Press, Oxford.

Mdiller, S. (2021). Implications of the economic policy uncertainty index for portfolio optimization. Finance Research
Letters, 38, 101441.

Nijman, T., & Swinkels, L. (2008). Strategic and tactical allocation to commaodities for retirement savings schemes. In
F. J. Fabozzi (Ed.), The Handbook of Commodity Investing (pp. 522-546). John Wiley & Sons, Hoboken.

254



Puspitaningtyas et.al | Journal of Applied Science, Engineering, Technology, and Education, 2025, 7(2): 242-255

Rachev, S. T., Stoyanov, S. V., & Fabozzi, F. J. (2017). Advanced Stochastic Models, Risk Assessment, and Portfolio
Optimization: The Ideal Risk, Uncertainty, and Performance Measures. John Wiley & Sons, Hoboken.

Robiyanto, R. (2017). The analysis of capital market integration in ASEAN region by using the OGARCH approach.
Jurnal Keuangan dan Perbankan, 21(2), 169-175.

Sharpe, W. F. (1964). Capital asset prices: A theory of market equilibrium under conditions of risk. The Journal of
Finance, 19(3), 425-442.

Sheikh, A. Z., & Qiao, H. (2010). Non-normality of market returns: A framework for asset allocation decision making.
Journal of Alternative Investments, 12(3), 8-35.

255



