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 A stock portfolio plays an important role in managing risk and achieving optimal 
returns in volatile markets. This study proposes an integrated framework that 
combines K-Means Clustering, Mean Absolute Deviation (MAD), and the 
Sortino Ratio. The main contribution lies in linking clustering-based asset 
selection with downside risk optimization and evaluation, enabling portfolio 
construction that accounts for asset similarity, risk measurement, and investor-
oriented performance assessment. This approach addresses the limitation of 
previous studies that apply these methods separately by providing a more 
structured basis for downside risk-adjusted portfolio selection. Using daily 
IDX30 stock data from June 2024 to June 2025, samples were selected based 
on index consistency. The results indicate that a portfolio of ANTM and INDF 
achieved the highest Sortino Ratio of 0.2179. These findings suggest that 
combining high-return stocks with moderate volatility, supported by clustering 
and downside risk optimization, can improve downside risk-adjusted 
performance, providing practical guidance for investors. 
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1. INTRODUCTION 
Stocks are a primary financial instrument offering high return potential but also exposing investors to 

uncertainty in achieving expected returns [1]. In Indonesia, stock market participation has increased significantly, 
with more than 744,000 new investors recorded in 2024 [2], reflecting growing market awareness alongside more 
complex investment decisions under volatile price movements. The large number of traded stocks with 
heterogeneous risk–return characteristics further complicates asset selection [3], highlighting the need for 
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systematic portfolio strategies. Despite these risks, stocks remain attractive due to their higher growth potential 
compared to other instruments [4]. Moreover, the Indonesian market exhibits relatively high volatility, as 
indicated by the IDX Composite Index (IHSG), which recorded a return standard deviation of approximately 
0.01236, emphasizing the importance of effective portfolio management.  

Portfolio formation is essential as it allows investors to combine multiple stocks and distribute risk through 
diversification [5], [6], thereby mitigating losses when individual assets underperform [7], [8]. In recent years, 
cluster analysis has been widely applied in portfolio construction to group stocks based on similarities in return 
behavior or volatility [9], [10], with K-Means Clustering being popular due to its computational efficiency and 
ability to produce relatively homogeneous asset groups  [11]. However, clustering is not the final objective; rather, 
it serves as a basis for constructing representative portfolios that enhance inter-cluster diversification and achieve 
more balanced risk–return exposure. 

Following cluster formation, portfolio construction requires optimal asset allocation to manage risk and 
enhance performance. The clustered assets are then used as inputs for portfolio optimization, ensuring diversified 
exposure across different risk–return characteristics. Mean Absolute Deviation (MAD) is widely used for this 
purpose because it measures risk through the average magnitude of return deviations and is less sensitive to 
extreme values than variance-based measures [12]. By treating deviations symmetrically without squaring returns, 
MAD provides a more robust representation of risk in volatile and non-normal market conditions, such as the 
Indonesian stock market [13]. Once optimal portfolio weights are obtained, performance evaluation becomes 
essential, with the Sortino Ratio offering a more relevant measure by focusing on downside risk and better 
reflecting investor preferences compared to symmetric measures such as the Sharpe Ratio [14], [15]. 

Previous studies have applied K-Means Clustering, MAD, and the Sortino Ratio in portfolio analysis, but 
mostly in separate stages. For example, study [16] employed MAD after stock grouping based on factor analysis, 
study [17] combined K-Means Clustering with mean–variance optimization, and study [18] focused solely on 
portfolio performance evaluation using the Sortino Ratio. However, the integrated application of these three 
approaches within the IDX30 context remains limited, indicating that portfolio construction often cannot 
simultaneously account for stock similarity, risk optimization, and downside-oriented performance evaluation 
within a unified framework, particularly under the relatively high volatility of IDX30 constituent stocks. From a 
theoretical perspective, integrating clustering-based asset grouping with risk optimization and downside risk 
evaluation aligns with the principles of diversification and risk–return efficiency in Modern Portfolio Theory, 
where clustering serves as a data-driven pre-selection mechanism, MAD provides a robust risk measure for 
volatile and potentially non-normal return distributions, and the Sortino Ratio emphasizes downside risk in line 
with investors’ loss aversion. By combining these approaches, this study contributes to portfolio optimization 
research through: (1) cluster-based asset grouping using K-Means Clustering to identify stocks with similar return 
characteristics, (2) portfolio risk optimization using MAD to manage risk in volatile markets, and (3) portfolio 
performance evaluation using the Sortino Ratio to provide a more relevant assessment of downside risk, thereby 
supporting more structured and risk-aware portfolio construction. 

 
2. RESEARCH METHOD 

This study employs a descriptive quantitative approach to analyze financial data for IDX30 stock portfolio 
formation. Portfolio optimization is conducted through three stages: K-Means Clustering groups stocks based on 
return similarity, the Mean Absolute Deviation (MAD) method determines portfolio weights by minimizing risk, 
and the Sortino Ratio evaluates performance based on downside risk. The integration of these methods is justified 
by their complementary roles, where clustering reduces asset complexity and facilitates portfolio construction, 
MAD optimizes risk under volatile and non-normal conditions, and the Sortino Ratio evaluates downside 
performance in line with investor risk preferences. An equal-weight portfolio is included as a benchmark for 
comparison. Although the framework simplifies inter-stock relationships, it provides a practical and structured 
reference for investors operating under volatile market conditions. 

2.1 Stock Returns and Expected Returns 
Stock returns represent the rate of gain or loss obtained from an investment over a given period, whether 

in individual stocks or portfolios [19]. Returns indicate the profit or loss earned by investors, where positive values 
reflect gains and negative values indicate losses. In financial analysis, returns are commonly classified into realized 
returns, which are derived from historical data, and expected returns, which represent anticipated future 
performance. In this study, the actual return of the i-th stock at time t, denoted as 𝑅௜(௧), is calculated using 
logarithmic returns based on daily closing price changes, as presented in Equation (1) [20], [21]: 

𝑅௜(௧) = ln ቈ
𝑃௜(௧)

𝑃௜(௧ିଵ)
቉ (1) 

where 𝑅௜(௧) denotes the return of the i-th stock at time t, 𝑃௜(௧) is the closing price of the i-th stock at time t, and 
𝑃௜(௧ିଵ) is the closing price of the i-th stock in the previous period. 
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In contrast, the expected return is calculated as the average of all returns over the observation period, as 
shown in Equation (2) [22]: 

𝐸(𝑅௜) =
∑ 𝑅௜(௧)

்
௧ୀଵ

𝑇
 (2) 

where 𝐸(𝑅௜) is the expected return of stock i-th, 𝑅௜(௧) is the return of the i-th stock at time t, and T is the number 
of stock return observations. 

2.2 Stock Risk and Expected Portfolio Return 
Stock risk reflects the uncertainty of returns due to price fluctuations and the potential deviation between 

actual and expected outcomes [23], [24]. It is commonly measured by the standard deviation of returns, where 
higher values indicate greater volatility and risk. Mathematically, stock risk is defined as the standard deviation of 
returns, obtained by taking the square root of the return variance, as shown in Equation (3) [25]: 

𝑆௜ =
ඨ∑ ቀ𝑅௜(௧) − 𝐸(𝑅௜)ቁ

ଶ
்
௧ୀଵ

𝑇 − 1
 

(3) 

where 𝐸(𝑅௜) is the expected return of stock i-th, 𝑅௜(௧) is the return of the i-th stock at time t, and T is the number 
of stock return observations. 

In portfolio construction, individual stock characteristics such as risk and return are aggregated to form 
portfolio-level measures. The expected portfolio return represents the weighted average return of all assets, where 
stocks with higher weights contribute more significantly to overall performance [26], [27]. This measure is 
essential for balancing return potential and associated risks in determining optimal asset allocation. 
Mathematically, the expected portfolio return is calculated using Equation (4) [16]: 

𝐸൫𝑅௣൯ = ෍ 𝑤௜𝐸(𝑅௜)

௡

௜ୀଵ

 (4) 

where 𝐸൫𝑅௣൯ is the expected return of the portfolio, 𝑤௜  is the investment weight of the i-th stock, n is the number 
of stocks, and 𝐸(𝑅௜) is the expected return of stock i-th. 

2.3 Data Standardization 
Data standardization is applied to minimize clustering bias arising from distance-based calculations, which 

are highly sensitive to differences in data scales or measurement units among variables [28]. In practice, this step 
ensures that all return variables contribute proportionally to the distance calculation in K-Means Clustering, 
preventing stocks with larger numerical ranges or higher volatility from disproportionately dominating the 
Euclidean distance measure and distorting the resulting cluster structure. This process uses the Z-score method, 
which adjusts each value based on the mean and standard deviation, using Equation (5): 

𝑧௜ =
𝑅௜(௧) − 𝐸(𝑅௜)

𝑆௜

 (5) 

where 𝑧௜ is the standardized Z-Score value of the i-th stock, 𝐸(𝑅௜) is the expected return of stock i, 𝑅௜(௧) is the 
return of the i-th stock at time t, and 𝑆௜ is the standard deviation of the i-th stock. 

2.4 Correlation and Multicollinearity Test  
Correlation analysis is used to assess the relationships among stock returns in a portfolio [29]. While 

Pearson’s correlation is commonly used, it assumes normally distributed data [30]. Since several stock return 
series in this study deviate from normality, Spearman’s rank correlation, a nonparametric measure less sensitive 
to extremes, is employed to capture monotonic relationships under volatile conditions [31]. The mathematical 
formulation of the Spearman correlation coefficient is presented in Equation (6) [32]: 

𝜌௦ = 1 −
6 ∑ 𝑑௜

ଶ௡
௜ୀଵ

𝑟(𝑟ଶ − 1)
 (6) 

where 𝜌௦ is the Spearman's rank correlation coefficient, 𝑑௜ is the rank difference between the two variables for 
the i-th observation, and r is the number of data pairs. 

Correlation values near −1 indicate strong diversification potential, while values near +1 suggest stocks move 
together, reducing diversification benefits. Next, multicollinearity was examined using the Variance Inflation 
Factor (VIF) to detect excessive linear dependence among the return variables, which could interfere with risk 
estimation and portfolio construction. The VIF value was calculated using Equation (7) [25]: 

VIF୧ =
1

1 − 𝑅௜
ଶ (7) 

where VIF୧ is the Variance Inflation Factor value for the i-th stock, 𝑅௜
ଶ represents the coefficient of determination 

obtained from regressing the i-th stock return on the remaining stock returns and i is the number of independent 
variables, where i = 1, 2, …, n. 
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2.5 K-Means Clustering 
The K-Means algorithm is a non-hierarchical clustering method that groups data based on similarity patterns 

among objects [33]. It is widely used due to its computational efficiency, interpretability, and suitability for 
grouping stocks based on return similarity in data-driven portfolio construction. In this context, clustering acts as 
a pre-selection mechanism that reduces the asset space by grouping stocks with similar characteristics, supporting 
diversification by capturing differences across clusters while minimizing redundancy within clusters. The 
procedure begins by specifying the number of clusters (𝑘) and initializing centroids randomly. Given its sensitivity 
to initial centroids, different initializations may lead to varying clustering results. Distances between observations 
and centroids are then computed using the Euclidean distance, as shown in Equation (8) [17]: 

𝑑(𝑥௜ , 𝑣௜) = ඩ෍(𝑥௜௨ − 𝑣௜௨)ଶ

௎

௨ୀଵ

  (8) 

where 𝑑(𝑥௜ , 𝑣௜) is the Euclidean distance between 𝑥௜ and 𝑣௜ , 𝑣௜  is the i-th centroid of the cluster, 𝑥௜ is the i-th 
cluster object, and U is the number of variables used in the cluster. 

Each object is assigned to the cluster with the nearest centroid, after which a new centroid is calculated as 
the average of the cluster members, as shown in Equation (9): 

𝑣௜ =
∑ 𝑥௝

௞
௝ୀଵ

𝑘
 (9) 

where 𝑣௜  is the i-th centroid of the cluster, 𝑥௝ is the j-th cluster object, and k is the number of objects that are 
members of the cluster. 

By reducing redundancy among similar stocks through clustering, the subsequent optimization stage 
becomes more stable and computationally efficient. This structured integration allows the optimization process 
to focus on representative assets, thereby improving the robustness of portfolio weight estimation under volatile 
market conditions. 

2.6 Elbow and Silhouette Methods 
The Elbow and Silhouette methods were applied to identify the most appropriate number of clusters in the 

K-Means Clustering analysis. The Elbow method utilizes a graph based on the Sum of Squared Error (SSE), 
which measures the dispersion of data within clusters or the closeness of each observation to its corresponding 
cluster centroid [34]. A smaller SSE indicates more compact and homogeneous clusters. As clusters increase, 
SSE generally decreases; the optimal number is at the point where SSE reduction slows (“elbow”), balancing 
cluster compactness and simplicity [35]. The SSE value is calculated using Equation (10) [34]: 

𝑆𝑆𝐸 = ෍ ෍൫𝑥௜௝ − 𝑣௜൯
ଶ

௣

௝ୀଵ

௞

௜ୀଵ

 (10) 

where 𝑝 is the number of data points in cluster i, 𝑣௜  is the i-th centroid of the cluster, 𝑥௜௝  is the j-th object in the 
i-th cluster, and k is the number of clusters. 

Meanwhile, the Silhouette method assesses cluster quality based on the proximity of objects within and 
between clusters. The Silhouette value ranges from –1 to 1, with higher values indicating better-formed clusters 
[36]. The Silhouette value is calculated using Equation (11) [37]: 

𝑠(𝑖) =
𝑏(𝑚) − 𝑎(𝑚)

max[𝑎(𝑚), 𝑏(𝑚)]
 (11) 

where 𝑎(𝑚) is the average distance from the m-th observation to all other points in the same cluster and 𝑏(𝑚) 
is the average distance from the m-th observation to all other points in different clusters. 

Following the determination of the optimal number of clusters, representative stocks are selected from each 
cluster based on their risk–return characteristics. Three criteria are applied: (1) stocks with the highest expected 
return (𝐸(𝑅௜) = max{𝐸(𝑅ଵ), … , 𝐸(𝑅௞)}), (2) stocks with the lowest risk measured by standard deviation 
(𝑆௜ = min{𝑆ଵ, … , 𝑆௞}), and (3) stocks that balance high return and low risk within each cluster. These criteria 
capture extreme and trade-off positions in the risk–return space, representing maximum return, minimum risk, 
and their balance within each cluster. 

2.7 Mean Absolute Deviation 
The Mean Absolute Deviation (MAD) method is an extension of the Markowitz model that employs a 

linear programming approach to assess portfolio risk [13]. Unlike the Markowitz model, which uses variance, 
MAD measures risk based on the average absolute deviation between actual and expected returns [16]. In this 
study, portfolio risk is measured using the Mean Absolute Deviation, which is defined in Equation (12) as the 
average absolute difference between stock returns and their corresponding expected returns: 
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𝑀𝐴𝐷௜ =
∑ |𝑅௜(௧) − 𝐸(𝑅௜)|்

௧ୀଵ

𝑇
 (12) 

where 𝐸(𝑅௜) is the expected return of stock i, 𝑅௜(௧) is the return of the i-th stock at time t, and T is the number 
of stock return observations. 
 MAD has the advantage of being robust to non-normal returns and independent of the covariance matrix 
[38]. However, it ignores inter-stock dependencies, which may slightly limit risk assessment accuracy compared 
to variance–covariance methods like Markowitz optimization. Despite this, MAD remains a practical and reliable 
tool for portfolio risk management in volatile markets. Portfolio optimization is done by minimizing the risk 
𝜎(𝑊), as expressed in Equation (13): 

Minimizing 𝜎(𝑊) = ∑ (𝑀𝐴𝐷௜𝑤௜)௡
௜ୀଵ  (13) 

where 𝜎(𝑊) is the portfolio risk value and 𝑤௜  is the size of the investment weight for the i-th stock. 
Besides using the objective function, forming an optimal portfolio through the Mean Absolute Deviation 

(MAD) method also considers three constraint functions, as defined in Equations (14), (15), and (16) [39]: 
𝐸(𝑅ଵ)𝑤ଵ + 𝐸(𝑅ଶ)𝑤ଶ + ⋯ + 𝐸(𝑅௡)𝑤௡ ≥ 𝑅௠௜௡ (14) 

𝑤ଵ + 𝑤ଶ + ⋯ + 𝑤௡ = 1 (15) 
0 ≤ 𝑤௜ ≤ 𝑢௜, with 𝑖 = 1,2, … , 𝑛 (16) 

where 𝑅௠௜௡ is the minimum rate of return and 𝑢௜ is the maximum weight of the i-th stock.  
 The value of 𝑅௠௜௡  can be obtained using Equation (17): 

  𝑅௠௜௡ =
∑ 𝐸(𝑅௜)௡

௜ୀଵ

𝑛
 (17) 

where 𝐸(𝑅௜) is the expected return of stock i and n is the number of shares in the portfolio. 

2.8 Sortino Ratio 
The integration of clustering and MAD-based optimization with the Sortino Ratio provides a more 

comprehensive evaluation framework, as it not only considers asset similarity and risk minimization but also 
emphasizes downside risk, which is often overlooked in traditional variance-based approaches. The Sortino 
Ratio, introduced by Sortino in the early 1980s, evaluates portfolio performance based on excess return relative 
to the Minimum Acceptable Return (MAR), which is typically the risk-free rate such as the Bank Indonesia 
Certificate rate [40]. Unlike the Sharpe Ratio, it considers only downside deviation, where returns below MAR 
are treated as risk while returns above MAR are considered beneficial. The calculation of the Sortino Ratio is 
expressed in Equation (18) [41]: 

𝑆௣೔
=

𝐸(𝑅𝑝௜) − 𝑀𝐴𝑅

𝑆𝑑௜

 (18) 

where 𝑆௣೔
 is the Sortino Ratio of portfolio i, 𝑅௣೔

 is the average return of portfolio i-th, 𝑀𝐴𝑅 is the average 
risk−free rate, and 𝑆ௗ௜

 is the downside standard deviation of portfolio i-th. 
The downside deviation value is calculated using the formula presented in Equation (19) [42]: 

𝑆𝑑௜ = ඩ
1

𝑇
෍[(min൫𝑅𝑝௜,௧ − 𝑀𝐴𝑅, 0൯

ଶ
]

்

௧ୀଵ

 (19) 

where only the negative values of 𝑅𝑝𝑖௧ − 𝑀𝐴𝑅(i.e., returns below MAR) are considered as risk. 
 
3. RESULT AND ANALYSIS 

This study uses quantitative secondary data consisting of daily closing prices of IDX30 constituent stocks 
from June 20, 2024, to June 20, 2025, obtained from Yahoo Finance, and the average BI Rate sourced from 
Statistics Indonesia (BPS) with a value of 2.52%. Daily stock prices were transformed into return series using 
Equation (1), which serve as the main input for the clustering and portfolio analysis. 

The sample was selected using purposive sampling, including stocks that consistently remained in the 
IDX30 index during the observation period based on index evaluations conducted between January 2024 and 
April 2025. Based on these criteria, 25 out of 30 IDX30 stocks were included, while five stocks were excluded 
because they did not meet the index requirements related to transaction value, trading frequency, and market 
capitalization. This selection ensures data consistency and investability of the analyzed stocks, although the 
exclusion may introduce a degree of selection bias. 

The dataset contains complete daily observations with no missing values. Extreme returns were retained as 
they reflect actual market movements, and the data were standardized using the Z-score method to ensure 
comparability during clustering. The one-year observation period captures short- to medium-term risk–return 
behavior; however, it may not fully represent long-term market cycles or extreme conditions. In addition, the 
results rely on in-sample evaluation, which may limit robustness and generalizability. Therefore, future research 
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should incorporate out-of-sample validation and rolling-window analysis to better assess the stability and 
predictive performance of the proposed framework. 

Descriptive statistics for the returns of the 25 selected stocks reveal notable differences in return behavior, 
volatility, and risk characteristics. Stocks such as MDKA, ADRO, and BRPT exhibit relatively high standard 
deviations, indicating substantial return fluctuations and elevated volatility. In particular, MDKA and ADRO also 
record negative average returns, suggesting an unfavorable risk–return profile and a higher likelihood of losses. 
Similar patterns are observed for GOTO, INKP, and UNVR, which show high variability combined with low or 
negative returns. In contrast, ICBP, BBCA, and ASII display lower standard deviations, indicating more stable 
return patterns. Meanwhile, ANTM and BRPT record the highest expected returns among the sampled stocks, 
although they are accompanied by relatively high volatility. These differences highlight the importance of 
considering both return and risk characteristics in portfolio construction and justify the need for portfolio 
optimization. The descriptive statistics for the returns of the 25 stocks are presented in Table 1. 

Table 1. Descriptive Statistics 
No Stock Code Min Max Average Standard Deviation 
1 ADRO 0.152908 -0.284961 -0.001480 0.038425 
2 AKRA 0.200671 -0.121214 -0.000868 0.029334 
3 AMRT 0.101003 -0.093434 -0.000729 0.025994 
4 ANTM 0.099922 -0.155171 0.004272 0.030748 
5 ASII 0.052565 -0.093685 0.000075 0.017504 
6 BBCA 0.057331 -0.089153 -0.000303 0.017120 
7 BBNI 0.085942 -0.079022 -0.000268 0.023841 
8 BBRI 0.088251 -0.106733 -0.000494 0.023059 
9 BMRI 0.082960 -0.107500 -0.000763 0.023892 
10 BRPT 0.157467 -0.168228 0.002059 0.036614 
11 CPIN 0.117261 -0.098047 -0.000063 0.021967 
12 GOTO 0.126041 -0.156161 0.000843 0.033340 
13 ICBP 0.046847 -0.075637 0.000113 0.016543 
14 INCO 0.118920 -0.162260 -0.000886 0.031670 
15 INDF 0.064539 -0.075712 0.001299 0.019115 
16 INKP 0.096355 -0.170730 -0.001863 0.026515 
17 KLBF 0.080043 -0.073092 -0.000124 0.024952 
18 MDKA 0.159630 -0.159630 -0.000306 0.038736 
19 MEDC 0.089612 -0.066249 0.000663 0.023502 
20 PGAS 0.072539 -0.115134 0.000593 0.020767 
21 PTBA 0.085655 -0.060625 0.000896 0.017036 
22 SMGR 0.139356 -0.159195 -0.001053 0.030717 
23 TLKM 0.070793 -0.059660 -0.000230 0.021418 
24 UNTR 0.065454 -0.158406 -0.000117 0.021143 
25 UNVR 0.157490 -0.167433 -0.003137 0.031158 

3.1 Stock Returns and Expected Returns 
Stock returns represent the profit or loss obtained by investors from stock price changes. Returns were 

calculated using logarithmic returns as defined in Equation (1). The expected return was calculated as the average 
of daily returns using Equation (2). Only stocks with positive expected return values were selected and are 
presented in Table 2. 

Table 2. Positive Expected Return Stocks 
No Stock Code Expected Return 
1 ANTM 0.004272 
2 ASII 0.000075 
3 BRPT 0.002059 
4 GOTO 0.000843 
5 ICBP 0.000113 
6 INDF 0.001299 
7 MEDC 0.000663 
8 PGAS 0.000593 
9 PTBA 0.000896 

Based on Table 2, nine stocks exhibit positive expected returns during the research period, indicating 
potential profitability for investors if the return trends persist. However, the magnitude of these returns varies 
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across stocks, suggesting that not all IDX30 constituents offer the same return potential. Therefore, further 
analysis is required to determine the optimal combination of stocks for portfolio formation in order to maximize 
potential investor return. 

3.2 Data Standardization 
After identifying nine stocks with positive expected returns, the next step is data standardization. This step 

is necessary because the K-Means Clustering algorithm relies on distance-based calculations that are sensitive to 
differences in data scale. Without standardization, variables with larger numerical ranges may dominate the 
distance measurement and bias the clustering results. Therefore, the return data were standardized using the Z-
score method, as presented in Equation (5). 

3.3 Correlation and Multicollinearity Test 
Before performing cluster analysis, two preliminary tests were conducted to ensure the suitability of the 

selected stocks. First, Spearman's correlation test was used to examine the relationships among stock returns, as 
excessively strong correlations may indicate similar risk characteristics and reduce the effectiveness of clustering. 
The results generally show weak correlations, suggesting that stock return movements are not closely aligned, 
which supports potential diversification. Second, the Variance Inflation Factor (VIF) was calculated to assess 
multicollinearity, with all values below 10, confirming that each stock provides independent information for 
clustering and portfolio formation. The combined results of Spearman’s correlation coefficients and VIF values 
are presented in Table 3. 

Table 3. Spearman’s Correlation Coefficients and VIF Values of Selected IDX30 Stocks 
Stock ANTM ASII BRPT GOTO ICBP INDF MEDC PGAS PTBA VIF 

ANTM 1.000 0.226 0.195 0.164 0.057 0.137 0.215 0.234 0.411 1.2431 
ASII 0.226 1.000 0.213 0.186 0.129 0.273 0.195 0.198 0.343 1.2226 
BRPT 0.195 0.213 1.000 0.196 0.101 0.111 0.322 0.267 0.226 1.1470 
GOTO 0.164 0.186 0.196 1.000 0.170 0.181 0.097 0.153 0.286 1.1958 
ICBP 0.057 0.129 0.101 0.170 1.000 0.324 0.059 0.127 0.166 1.1657 
INDF 0.137 0.273 0.111 0.181 0.324 1.000 0.145 0.164 0.212 1.1510 
MEDC 0.215 0.195 0.322 0.097 0.059 0.145 1.000 0.384 0.281 1.2251 
PGAS 0.234 0.198 0.267 0.153 0.127 0.164 0.384 1.000 0.366 1.2162 
PTBA 0.411 0.343 0.226 0.286 0.166 0.212 0.281 0.366 1.000 1.4009 

3.4 K-Means Clustering Analysis 
The K-Means clustering technique was applied in this study by first determining the optimal number of 

clusters using the Elbow and Silhouette methods. The Elbow method evaluates clustering quality based on the 
Sum of Squared Errors (SSE), where a lower SSE indicates tighter within-cluster dispersion. In contrast, the 
Silhouette coefficient measures clustering quality by simultaneously capturing within-cluster cohesion and 
between-cluster separation, with higher values indicating more coherent and well-separated clusters. 

 
Figure 1. Elbow graph 

 
Figure 2. Silhouette graph 

As shown in Figures 1 and 2, the SSE curve does not exhibit a clear inflection pointThe largest decrease 
occurs when the number of clusters increases from 𝑘 = 1 to 𝑘 = 2, after which the reduction becomes more 
gradual, indicating that the Elbow method alone does not provide a strong basis for selecting the optimal number 
of clusters. However, the highest average Silhouette value is obtained at 𝑘 = 2, Therefore, this empirical evidence 
supports the selection of two clusters as the most meaningful partition for subsequent portfolio construction, as 
grouping stocks with similar risk–return behavior enhances the stability and interpretability of portfolio 
optimization. 

After determining the optimal number of clusters (k = 2) using the Elbow and Silhouette methods, the K-
Means clustering process was initiated by randomly selecting the initial centroids from the nine stocks with 
positive expected returns using the RANDOM function in Microsoft Excel. In this step, ANTM and PTBA were 
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selected as the initial centroids. The Euclidean distance was then calculated to measure the similarity between 
each stock and the centroids, and stocks were assigned to clusters based on the shortest distance. The clustering 
process produced two groups: Cluster 1 consisting of ANTM and BRPT, and Cluster 2 comprising ASII, 
GOTO, ICBP, INDF, MEDC, PGAS, and PTBA. After updating the centroids, no changes in cluster 
membership were observed, indicating that the algorithm reached convergence after a single iteration and the 
clustering results were therefore considered stable. The final clustering results and the corresponding stock 
characteristics are presented in Table 5. 

Table 5. Clustering Results and Stock Characteristics 
Cluster Stock Expected Return Risk Range Ratio Beta 

Cluster 1 
ANTM 0.00427 0.0306 126% 1.00 
BRPT 0.00205 0.0364 98% 1.67 

Cluster 2 

ASII 0.00007 0.0174 19% 0.79 
GOTO 0.00084 0.0331 54% 1.33 
ICBP 0.00011 0.0164 28% 0.41 
INDF 0.00129 0.0190 35% 0.50 

MEDC 0.00066 0.0234 43% 0.71 
PGAS 0.00059 0.0206 28% 0.60 
PTBA 0.00089 0.0169 30% 0.69 

Based on the clustering results presented in Table 5, Cluster 1 is dominated by stocks with aggressive 
characteristics, which have relatively high levels of risk, volatility, and beta, making them more sensitive to the 
movement of the Jakarta Composite Index (JCI) and offering greater potential for returns. Therefore, this cluster 
is suitable for investors with a high-risk tolerance (risk-takers). Conversely, Cluster 2 consists of stocks with 
defensive-moderate characteristics, characterized by lower risk and volatility and more stable returns, making 
them more suitable for investors with a low-risk preference (risk-averse). 

Referring to these cluster characteristics, representative stocks were selected to construct the portfolio using 
three complementary criteria: the highest expected return to capture growth potential, the lowest risk to represent 
defensive characteristics, and a combination of high expected return and low risk to reflect a balanced risk–return 
profile. These criteria were intended to ensure that the portfolio captures diverse investment profiles and 
enhances diversification. Since the sample consists of IDX30 constituents, which are generally liquid and 
representative of market movements, additional factors such as liquidity and market correlation were not used as 
primary selection criteria. Based on this process, ANTM, INDF, and PTBA were selected as representative 
stocks and subsequently used to construct the optimal diversified portfolio, as presented in Table 6. 

Table 6. Formed Stock Portfolio 
Portfolio Source Stock Code 

1 Cluster 1 ANTM, BRPT 
2 Cluster 2 ASII, GOTO, ICBP, INDF, MEDC, PGAS, PTBA 
3 Representative Stock 1 ANTM, INDF 
4 Representative Stock 2 ANTM, PTBA 
5 Representative Stock 3 ANTM, INDF, PTBA 

3.5 Mean Absolute Deviation and Sortino Ratio 
Portfolio analysis is conducted using the Mean Absolute Deviation (MAD) approach to determine the 

optimal stock combination based on the risk–return trade-off. MAD is employed because it provides a linear and 
computationally efficient measure of risk. The portfolio optimization model is formulated through objective and 
constraint functions, as presented in Equations (11) to (15) in the methodology section. The MAD value for each 
stock is calculated using Equation (12), while the objective function in Equation (13) minimizes total portfolio 
risk. The constraint functions in Equations (14), (15), and (16) represent the minimum portfolio return 
requirement, the total investment weight, and the maximum allowable weight for each asset. Based on this 
formulation, the linear optimization model is solved using the simplex method to obtain the optimal portfolio 
weights, as expressed in the following simplex equation: 

First Portfolio 
Minimize:         𝜎(𝑊ଵ) = 0.022254𝑤ଵ + 0.024987𝑤ଶ 
With the constraint 

0.00427𝑤ଵ + 0.00205𝑤ଶ ≥ 0.00316 
𝑤ଵ + 𝑤ଶ = 1 

𝑤௜ ≤ 60%, 𝑖 = 1,2 
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Second Portfolio 
Minimize:    𝜎(𝑊ଶ) = 0.012847𝑤ଷ + 0.022892𝑤ସ + 0.012458𝑤ହ +
                                                 0.014289𝑤଺ + 0.017646𝑤଻ + 0.014422𝑤଼ + 0.012082𝑤ଽ 
With the constraint 

0.00007𝑤ଷ + 0.00084𝑤ସ + 0.00011𝑤ହ + 0.00129𝑤଺ + 0.00066𝑤଻ + 0.00059𝑤଼

+ 0.00089𝑤ଽ ≥ 0.00064 
𝑤ଷ + 𝑤ସ + 𝑤ହ + 𝑤଺ + 𝑤଻ + 𝑤଼ + 𝑤ଽ = 1 

𝑤௜ ≤ 15%, 𝑖 = 3,4,5,6,7,8,9 
Third Portfolio 
Minimize:          𝜎(𝑊ଷ) = 0.022254𝑤ଵ଴ + 0.014289𝑤ଵଵ 
With the constraint 

0.00427𝑤ଵ଴ + 0.00129𝑤ଵଵ ≥ 0.00278 
𝑤ଵ଴ + 𝑤ଵଵ = 1 

𝑤௜ ≤ 60%, 𝑖 = 10,11  
Fourth Portfolio 
Minimize:    𝜎(𝑊ସ) = 0.022254𝑤ଵଶ + 0.012082𝑤ଵଷ 
With the constraint 

0.00427𝑤ଵଶ + 0.00089𝑤ଵଷ ≥ 0.00258 
𝑤ଵଶ + 𝑤ଵଷ = 1 

𝑤௜ ≤ 60%, 𝑖 = 12,13  
Fifth Portfolio 
Minimize:   𝜎(𝑊ହ) = 0.022254𝑤ଵସ + 0.014289𝑤ଵହ + 0.014289𝑤ଵ଺ 
With the constraint 

0.00427𝑤ଵସ + 0.00089𝑤ଵହ + 0.00129𝑤ଵ଺ ≥ 0.00215 
𝑤ଵସ + 𝑤ଵହ + 𝑤ଵ଺ = 1 
𝑤௜ ≤ 40%, 𝑖 = 14,15,16  

Optimization was performed using the simplex method with the assistance of POM-QM and RStudio. 
Portfolios containing a larger number of stocks indicate a higher level of diversification, while portfolios with 
fewer stocks represent a more concentrated investment strategy. The results of the MAD optimization are 
presented in Table 7. 

Table 7. Stock Investment Weights 
Portfolio Stock Code Weights 

1 ANTM 0.6000 
BRPT 0.4000 

2 ASII 0.1368 
GOTO 0.1132 
ICBP 0.1500 
INDF 0.1500 
MEDC 0.1500 
PGAS 0.1500 
PTBA 0.1500 

3 ANTM 0.5000 
INDF 0.5000 

4 ANTM 0.5000 
PTBA 0.5000 

5 ANTM 0.3424 
INDF 0.2576 
PTBA 0.4000 

Portfolio performance was then evaluated using the Sortino Ratio, which measures returns relative to 
downside risk. This evaluation was conducted after determining the stock weights for each portfolio to assess how 
efficiently each portfolio generates returns while minimizing potential losses. A higher Sortino Ratio indicates 
better risk-adjusted performance. The results of the Sortino Ratio calculation are presented in Table 8. 

Table 8. Portfolio Performance Values 
Portfolio Expected Portfolio Return Downside Risk Sortino Ratio 

1 0.00338 0.01665 0.18814 
2 0.00064 0.00852 0.04547 
3 0.00278 0.01162 0.21792 
4 0.00258 0.01302 0.17900 
5 0.00215 0.01021 0.18862 
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 Based on Table 8, the third portfolio achieves the highest Sortino Ratio (0.2179), indicating relatively 
superior performance in managing downside risk. This outcome is driven by the combination of ANTM’s high 
return and INDF’s relatively stable volatility, resulting in a balanced risk–return profile. These results are in line 
with previous studies [16], [17], which suggest that portfolios composed of assets with different risk characteristics, 
such as either a high-return stock or a mix of relatively stable stocks, can provide favorable risk–return outcomes. 
Practically, these findings suggest that investors and fund managers may benefit from combining high-return and 
relatively stable assets to enhance risk-adjusted performance, particularly in volatile markets such as IDX30. 

Table 9. Comparison of Portfolio Performance Using Sortino Ratio 

Portfolio 
Sortino Ratio 

MAD Optimization Equal-Weight 
1 0.18814 0.17196 
2 0.04547 0.04460 
3 0.21792 0.21792 
4 0.17900 0.17900 
5 0.18862 0.19135 

 To further evaluate the effectiveness of the proposed method, the Sortino Ratios of MAD-optimized 
portfolios were compared with an equal-weight benchmark, as shown in Table 9. The results indicate that MAD 
optimization generally produces comparable and, in several cases, higher Sortino Ratios, particularly in Portfolio 
1 and Portfolio 2, reflecting improved risk-adjusted performance. Portfolio 3 and Portfolio 4 show identical 
results due to matching weight allocations, while Portfolio 5 performs slightly better under the equal-weight 
scheme. Overall, these findings confirm that MAD-based optimization is capable of delivering competitive and, 
in some cases, superior performance compared to the equal-weight benchmark. However, as the evaluation is 
based on in-sample data, the results may have limited generalizability. Future studies could incorporate out-of-
sample or rolling-window approaches to enhance robustness. 

 
4. CONCLUSION 

This study demonstrates that integrating K-Means Clustering, Mean Absolute Deviation (MAD), and the 
Sortino Ratio provides a structured framework for constructing IDX30 stock portfolios within the studied period. 
Nine stocks were grouped into two clusters to form representative portfolios, with weights determined using 
MAD to control downside risk without strict distributional assumptions. The third portfolio achieved the highest 
Sortino Ratio (0.2179), indicating relatively better downside risk-adjusted performance within the sample. These 
findings illustrate the importance of diversification in balancing return and risk. From a methodological 
perspective, this study contributes to portfolio optimization and mathematical finance by providing a structured 
framework that integrates clustering-based asset selection with linear risk optimization and downside risk 
evaluation, offering a systematic approach for modeling and solving portfolio selection problems under volatile 
conditions. 

However, this study has limitations, including a relatively short observation period, static portfolio weights, 
and reliance on in-sample evaluation, which may affect the robustness of the findings. Future research should 
consider longer observation periods, out-of-sample or rolling-window validation, and additional performance 
measures, such as the Treynor Ratio and Jensen’s Alpha, to further enhance the robustness and practical 
relevance of the results for investors and portfolio managers. 
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