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Abstract  

Portfolio investment reflects a commitment to the allocation of funds or resources which is considered a strategic step in 

managing assets to achieve future profits. This research begins with a careful analysis of a portfolio consisting of the ten best 

stocks on the Indonesia Stock Exchange (IDX). Through in-depth processing and analysis of stock data, the dynamics of 

performance, risk and volatility involved in each investment commitment are revealed. The Value-at-Risk (VaR) and Conditional 

Value-at-Risk (CVaR) methods at the 90%, 95%, and 99% confidence levels take centre stage, highlighting the potential for 

increased losses as confidence levels increase. In-depth analysis illustrates that CVaR, considering the extreme risks in the 

distribution, provides a more holistic picture than VaR. With a VaR (99%) value of IDR 84,973,959,424 and CVaR (99%) of IDR 

471,795,822,064, this research provides a concrete picture of potential risks at the highest level of confidence. These results 

confirm that CVaR has a crucial role in identifying and measuring the potential for more significant losses, especially in the face 

of unexpected market uncertainty. As a guide for investment decision makers, this research forms an important basis for carefully 

considering the level of risk and potential return at various levels of confidence. This allows the development of smarter and more 

informed investment strategies. 
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1. Introduction 

Investment refers to the act of placing a certain amount of money or capital in an entity or financial instrument at 

present, with the hope of obtaining results or financial benefits in the future (Ines, 2016). In a business context, all 

forms of investment involve some level of risk. Portfolio is a field of science that specifically studies the strategies 

used by an investor to measure the risk in their investments. (Fahmi, 2009). Risk measures are real value functions 

that quantify the level of risk involved in random outcomes and several studies have established general properties for 

appropriate risk indicators. 

Unfortunately, all risk measures commonly mentioned in the literature before 2000 do not satisfy some of the 

axiomatic properties necessary to be considered coherent. For example, the classic risk measure mean-variance (or 

mean-standard deviation), inspired by Markowitz H (1952), makes it economically meaningless because it is not 

monotonic. One of the weaknesses of this risk measure is that it applies profits and losses symmetrically, even though 

risk is asymmetric. Because of this, the popularity of these risk measures declined, and researchers began to show 

greater interest in quantile-based measures, such as value at risk (VaR). 

 Financial risk is divided into several main categories, such as credit risk, operational risk, and market risk, all 

of which are crucial elements in financial markets. While Value-at-Risk (VaR) is specifically related to market risk, 

this concept can also be applied to various other types of risk (Jorion, 2004). Although VaR has become very popular 

and has been integrated into industry regulations, it is incoherent and lacks subadditivity. Therefore, value at risk 

(VaR) can be interpreted as the maximum amount of loss that can be experienced in a financial position, considering a 
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certain time period and level of probability. (Dowd, 2002; Holton, 2002; Benninga & Wiener, 1998; Linsmeier & 

Pearson, 1996).  

 Conditional value at risk (CVaR) is a well-known measure of coherent risk according to Rockafellar and 

Uryasev, 2002; Rockafellar R.T (2007). Although Conditional Value at Risk (CVaR) is closely related to VaR, CVaR 

offers different advantages. In fact, according to Markowitz, when losses are normally distributed, looking for 

optimization through CVaR, VaR, and Minimum Variance produces identical optimal portfolios. CVaR becomes 

more clearly defined when the loss distribution does not follow a normal pattern or in situations where the 

optimization problem has high dimensions. CVaR is considered a coherent measure of risk for any type of loss 

distribution.  

 To understand the level of risk more deeply in investment portfolios, this research focuses on the ten best 

stocks on the Indonesia Stock Exchange (BEI). By applying the Value at Risk (VaR) and Conditional Value at Risk 

(CVaR) methods, this research attempts to provide a comprehensive picture of the potential losses that may occur in 

the portfolio. VaR is used to identify risk limits at a certain level of confidence, while CVaR provides additional 

information by detailing the average loss that may occur outside those limits. It is hoped that the results of this 

analysis will provide valuable insights for stakeholders in making smart and informed investment decisions. 

2. Mathematical Model  

2.1. Value-at-Risk(VaR) 

VaR (Value at Risk) is a statistical method used to measure financial risk. VaR measures the extent to which the value 

of a portfolio or investment can fluctuate over a certain period with a certain level of confidence. Thus, it is important 

to note that at any given time, investors are interested in assessing the risk of their financial position for the coming 

period l . Referring to Tsay (2005) and Tsai (2004), assume changes in asset values in financial positions from time t   

to 1t  . This quantity is measured in currency and is a random variable over time ( t ). The cumulative distribution 

function (CDF) of this variable is expressed as ( )lF x . Definition of VaR long position (selling one's own shares) over 

the time l  horizon with   probability as follows.  

[ ( ) ] ( )lP V l VaR F VaR                                                                   (1) 

Shareholders with long positions will experience losses when VaR is defined in (1) assuming a small  negative 

value. A negative sign indicates potential loss. From this definition, the probability that shareholders will face a loss 

of at least VaR over a certain period l  is  . Alternatively, VaR can be interpreted as the probability that the potential 

loss faced by shareholders in their financial position over that period l will be less than or equal to VaR, given 

probability 1  . (Tsay, 2005; Tsai, 2004). 

 

Shareholders with a short position (selling what they do not own) will face losses if the asset price ( ( ) 0V l  ) 

increases. VaR for shareholder short positions is defined as 

[ ( ) ] 1 [ ( ) ] 1 ( )lP V l VaR P V l VaR F VaR         
 

If VaR has a small value   for a short position, this reflects a positive value being assumed. Where, a positive sign 
indicates a loss. 

2.1.1. VaR pendekatan Distribusi Normal Standar 

The standard method assumes that asset returns can be modelled as a normal univariate distribution with two 

parameters: mean   and standard deviation  . The challenge in estimating Value at Risk (VaR) is determining the 

value at the  percentile of the standard normal distribution z  

( ) ( ) ( )

zq

f r dr z dz N z




 

     , quantile q z                                (2) 

where )(z  the standard normal distribution density function )(zN , cumulative normal distribution function r , 

random variables for portfolio returns ( )f r , normal distribution density function for returns (log returns) with mean 
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  and standard deviation  , as well as the smallest log return q  at a certain level of confidence   are all involved 

in the estimation process Value at Risk (VaR). VaR is calculated using an equation involving these elements. 

 0 0( )VaR W q W z                                                          (3) 

The following explains that it refers to the initial investment, and the minus sign (-) indicates potential losses. (Kang 
& Yoon, 2007; Dokov & Stoyanov, 2007; Kindanova & Rachev, 2005; Jorion, 2004) 

2.1.2. VaR Portfolio Investment 

portfolio return ptr  at time t , it can be determined that. 

1

N

pt i it
i

r w r



 ; condition

1

1
N

i
i

w



                                              (4) 

t   : 1,...,t T  with period T  observation data 

itr : return from each asset i  ( 1,...,i N ) at time t  

iw : iw  weight (proportion) of funds allocated to assets i  

 

Equation (4) can also be expressed in terms of vector equation (5).  

T
ptr  w r ;  condition 1T e w                                                          (5) 

1 2(   ... )T
Nw w ww : transpose the weight vector  

1 2(   ... )T
Nr r rr       : transpose the asset return vector 

(1 1 ... 1)T e             : transpose a vector whose elements are N  as many as one 

 

Also need to know 1T T e w w e . Based on equation (4), pt  can be determined using this equation. 

1

N

pt i it
i

w 


  or 
T

pt  w μ ,                                        (6) 

( )it itE r                    : average stock return i  ( 1,...,i N ) at time t  

1 2(   ... )T
t t Nt  μ : transpose the asset return vector i  ( 1,...,i N )  

T T
pt  w μ μ w       : average portfolio return 

Portfolio return variance
2
pt  can be determined by 

                                      
2 2[( ) ]pt pt ptE r    

       
2 2

1 1 1

N N N

i it ij it jt
i i j

w    

  

   ; condition i j                                            (7) 

2 ( )it itVar r  : variance of asset i   

ij                   :  correlation coefficient between assets i  dan assets j  ( , 1,...,i j N  and i j ).  

As well as it  and jt  respectively standard deviation of assets i  and standard deviation of assets j  at time t . 

Dapat also determined the covariance between  assets i  dan assets j , ( , )ij it jtCov r r   using this equation 

[( )( )]ij it it jt jt ij it jtE r r         ; i j                                      (8) 

For example, given the following covariance matrix Σ  
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 
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 
 
 
 

Σ ,                                                             (9) 

where 
2

ii i   with 1,...,i N . Portofolio variance 
2
pt  given by equation (7) can be expressed as the product of 

the covariance matrix and the weight vector, namely 

2 T
pt  w Σw                                                                      (10) 

Value-at-Risk (VaR) portfolio investasi with weight w vector, ptVaR ,  

0 ( )pt pt ptVaR W z     atau 
1/2

0{ ( ) }T T
ptVaR W z  w μ w Σw .                      (11) 

Where 0W  is the amount of funds allocated in forming an investment portfolio, and the normal distribution percentile 
z  when given a significance level  . Usually, a significance level is 0,05   (Gaivoronski & Pflug, 2005; 
Huisman et al., 1999) 

2.2. Conditional Value-at-Risk (CvaR) 

It is known that Value at Risk (VaR) does not fulfill the nature of subadditivity, thus causing a lack of coherence as a 

measure of risk. As a solution to this weakness, Acerbi and Tasche (2002) proposed the use of Expected Shortfall as 

an alternative. Expected Shortfall is defined as the conditional expectation of a loss more than value VaR . In fact, 

Conditional Value at Risk (CVaR) is a stronger measure of coherent risk compared to VaR, because CVaR maintains 

least legal invariant coherence even though VaR is unable to do so. CVaR at a confidence level      (or at a risk 

level  ) is defined as the average of losses that exceed the VaR value, as seen in the following formula. 

 

        ( )     
   

(  
 

 
 ,   - )         (   - 

where , -      *   +. This measure can be represented by VaR as follows. 

        ( )  
 

 
∫       

 

 

( )      

        ( ) describes the average value of    of the worst events in the distribution   . for more in-depth 
comparison between VaR and CVaR in risk management and optimization processes, see Sarykalin dkk. (2008) 

2.2.1. CvaR untuk Distribusi Kerugian Normal 

 

For example, a normal distribution Y  with a mean   dan standard deviation  . For     (0, 1), CvaR is given by 

1( ( ))
( )

1
CVaR Y

 
 




 


 

Where   represents the probability density function(pdf) of the standard normal distribution 

For comparison VaR and CVAR for normal distribution,      (    ) are as follows: 

       ( )        

        ( )    
   
 
  

 
In this situation,  ( )  refers to the density function of the standard normal distribution, and    is the α percentile of 
the standard normal distribution. If the data follows a normal distribution, all of these risk metrics can be interpreted 
in terms of mean and variance. Furthermore, this risk metric can be considered equivalent to the mean-standard-
deviation risk metric for varying values of W with different  . 
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3. Materials and Methods  

3.1. Materials  

In this section, we will explore the optimal weight (proportion) of funds invested in each stock to form a 

portfolio. The main goal is to achieve an optimal balance between the level of profit and the level of risk of the 

investment portfolio. This portfolio discussion focuses on measuring the investment portfolio for the ten best shares 

on the Indonesia Stock Exchange (IDX) in the period January 2023 to November 2023. The shares considered in this 

portfolio involve the best companies on the IDX such as ICBP, BBNI, TPIA, UNVR, ASII, BMRI, TLKM, BYAN, 

BBRI, and BBCA. The data used for analysis comes from Yahoo Finance sources. By exploring these optimal 

weights, it is hoped that we can achieve profitable portfolio results with a manageable level of risk. 

 
Table 1: Close Stock Price of the 10 Best Stocks on the IDX 

 

3.2. Methods 

The process of processing and analyzing stock data from the ten best companies on the Indonesia Stock 
Exchange (IDX) is the main foundation for exploring portfolio characteristics. This process aims to explore the trend, 
volatility and historical performance of each stock, providing a deep understanding of performance dynamics that can 
form a smart investment strategy. 

In analyzing stock returns, focus is given to significant variations between stocks, providing a clearer picture 
of the growth or decline in asset value. Furthermore, the estimation of the average value and the formation of the 
weight vector through the use of the average value estimator are key steps to summarize the overall performance of 
the portfolio. The formation of a unit vector as the weight of each stock creates a balanced approach in fund 
allocation, forming a strategic basis for portfolio management. 

Followed by calculating the variance and standard deviation of the portfolio using the covariance matrix and 
weight vector, this analysis provides in-depth insight into the overall level of fluctuation and volatility of the portfolio. 
The next step is to enter the realm of risk analysis, using Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) 
methods at different levels of confidence. Discussion of the results and implications highlights the comparison 
between VaR and CVaR, reinforcing CVaR's role in providing a holistic understanding of portfolio risk. 

 

  Close Stock Price (IDR) 

t ICBP BBNI TPIA UNVR ASII BMRI TLKM BYAN BBRI BBCA 

1 10150.0 4612.50 2510.00 4620.00 5700.00 4937.50 3800.00 21250.0 4870.00 8550.00 

2 10175.0 4637.50 2470.00 4600.00 5650.00 4975.00 3860.00 21300.0 4850.00 8550.00 

3 10100.0 4587.50 2400.00 4640.00 5675.00 5012.50 3820.00 21125.0 4770.00 8350.00 

4 10225.0 4500.00 2350.00 4730.00 5375.00 4912.50 3770.00 19975.0 4640.00 8250.00 

5 10175.0 4450.00 2340.00 4760.00 5450.00 4900.00 3710.00 20575.0 4620.00 8300.00 

6 10200.0 4500.00 2350.00 4760.00 5350.00 4862.50 3790.00 20325.0 4590.00 8450.00 

7 10200.0 4362.50 2320.00 4690.00 5325.00 4637.50 3830.00 20650.0 4430.00 8175.00 

8 10525.0 4250.00 2360.00 4700.00 5225.00 4475.00 3870.00 20650.0 4380.00 8125.00 

9 10450.0 4300.00 2360.00 4760.00 5350.00 4600.00 3860.00 19925.0 4500.00 8175.00 

10 10450.0 4337.50 2350.00 4790.00 5450.00 4587.50 3780.00 20150.0 4480.00 8050.00 

. . . . . . . . . . . 

. . . . . . . . . . . 

. . . . . . . . . . . 

. . . . . . . . . . . 

. . . . . . . . . . . 

. . . . . . . . . . . 

215 10550.0 5150.00 2900.00 3540.00 5700.00 5900.00 3600.00 19400.00 5350.00 8925.00 

216 10425.0 5200.00 2870.00 3530.00 5725.00 5875.00 3620.00 19400.00 5400.00 8925.00 

217 10650.0 5275.00 2840.00 3520.00 5625.00 5900.00 3680.00 19400.00 5350.00 8875.00 

218 10650.0 5175.00 2890.00 3600.00 5550.00 5900.00 3770.00 19325.00 5350.00 8875.00 

219 10500.0 5225.00 2920.00 3630.00 5525.00 5850.00 3720.00 19275.00 5300.00 8900.00 

220 11550.0 5275.00 2950.00 3650.00 5400.00 5850.00 3760.00 19275.00 5275.00 8975.00 
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Finally, risk policy recommendations are a crucial stage in anticipating and managing the risks contained in 
the portfolio. A holistic understanding of each step of this analysis is the basis for optimizing returns while 
minimizing risk, creating adaptive and effective investment strategies in dealing with market dynamics.  

4. Results and Discussion 

In this stage, the data that has been collected will be processed and analyzed in depth. The results of this 
analysis will form the basis for identifying investment patterns that can optimize profit levels and minimize risk. 

4.1. Results  

In analyzing an investment portfolio consisting of the ten best stocks on the Indonesia Stock Exchange (IDX), 

we can understand the performance dynamics and risks involved to form a comprehensive picture of potential 

investment returns. Each stock in a portfolio has its own characteristics, and the steps taken to manage risk and 

optimize returns are critical. The individual returns of each stock show significant variations, with some stocks 

experiencing growth, while others experience a decline. 
 

Table 2: Performance of 10 Stocks and Weight in Portfolio 

 

 

 

 

 

 

 

 

 

 

 

 

ICBP stocks, for example, showed a return of -0.1066, indicating a decline in value. However, the interesting 

thing is that the weight remains at 1.00, providing an equal contribution to the portfolio formation. The average ICBP 

stock return is -0.00049, indicating that there is fluctuation but at a low level. On the other hand, UNVR shares 

recorded a quite positive return of 0.2657, showing solid performance. Even so, the average UNVR stock return is 

only around 0.00121, depicting more stable and consistent growth. 

Using an estimator of average values, arranged into an average vector form, 
T = (-0.00049 -0.00053 -

0.00056 0.00121 0.00035 0.00155 0.00013 0.00073 -0.00028  0.00016). Because the number of shares analyzed 

was 10, a unit vector was formed = (1 1 1 1 1 1 1 1 1 1). For portfolio variance  
2
pt  given by equation (10) can be 

expressed as the product of the covariance matrix and the weight vector. The covariance matrix is given as follows; 

 

0.0002 0.0215 0.0594 0.2193 0.0680 -0.0714 0.0042 0.0391 0.0578 0.0051

0.0215 0.0002 -0.0160 0.0704 0.0933 0.1404 0.2174 0,0407 0.2580 0.3795

0.0594 -0.0160 0.0004 0.0394 0.0206 -0.0958 0.0579 -0.0046 -0.0703 -0.1055

0.2193 0

  



Σ

.0704 0.0394 0.0003 -0.0335 0.1069 0.1313 0.1276 0.0515 0.0075

-0.0680 0.0933 0.0206 -0.0335 0.0002 0.0484 0.0891 0.1078 0.1141 0.1133

-0.0714 0.1404 -0.0958 0.1069 0.0484 0.0057 0.0597 0.0654 0.0651 0.1446

0.0042 0.2174 0.0579





 

0.1313 0.0891 0.0597 0.0002 0.0038 0.1771 0.1553

-0.0391 -0.0407 -0.0046 0.1276 0.1078 0.0654 0.0038 0.0006 0.0109 0.0035

0.0578 0.2580 -0.0703 0.0515 0.1141 0.0651 0.1771 0.0109 0.0002 0.4243

-0.0051 0.3795 -0.1055 0.0075 0.1133 0.1446 0.1553 0.0035 0.4243 0.0001

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
Therefore, another important aspect in this analysis is the level of volatility or risk contained in the portfolio. 

The variance and standard deviation of the portfolio can be seen in Table 3 where, respectively, they reach 5.58 and 

2.36, highlighting a high level of fluctuation and volatility. This indicates that this portfolio has a fairly significant 

level of risk. 

 

Stocks Return ( itr ) Weight ( iw ) Return of Average (
it ) 

ICBP -0.106624 1.00 -0.00049 

BBNI -0.116097 1.00 -0.00053 

TPIA -0.122375 1.00 -0.00056 

UNVR 0.265694 1.00 0.00121 

ASII 0.07773 1.00 0.00035 

BMRI 0.33960 1.00 0.00155 

TLKM 0.02891 1.00 0.00013 

BYAN 0.16080 1.00 0.00073 

BBRI -0.06104 1.00 -0.00028 

BBCA -0.03547 1.00 -0.00016 
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Table 3: Portfolio Performance and Risk using VaR. 

Return of Portfolio (
ptr ) 0.431117744 

Average Return of Portfolio ( pt ) 0.001968574 

Variance of Portfolio (
2

pt ) 5.578872234 

Standard Deviation  of Portfolio 2.361963639 

 

The weight given to each stock in the portfolio is very even, namely 1.00, indicating an equal approach in fund 

allocation. The average stock return reflects average growth, and all contribute to the formation of an overall portfolio 

return of 43.11%, which can be seen in Table 3. 
 

Table 4: Portfolio VaR and CvaR Risks are based on Confidence Levels 

Level of 

Confidence 

Multiplier Value-at-Risk Conditional Value-at-Risk 

90% 1.28 IDR      46,810,931.394 IDR       143,220,019.830 

95% 1.64 IDR      60,081,179.996 IDR      235,897,710.038 

99% 2.33  IDR      84,973,959.424 IDR      471,795,822.064 

 
The results of the estimated VaR and CVaR values can be seen in Table 4. At a 90% confidence level, the 

VaR value is IDR 46,810,931,394, while the CVaR value reaches 0.00224 or the equivalent of 0.224% of total assets 

at this time. This means that as much as 10% of the risk not covered by VaR can be identified through CVaR, 

indicating that the potential loss that may occur in the next day is around 0.224% of the total asset value. 

For a 95% confidence level, the VaR value reaches IDR 60,081,179,996, with a CVaR value of 0.00256 or 

0.256%. This illustrates that 5% of the risk that is not covered by VaR can be estimated through CVaR, indicating a 

potential loss of 0.256% of the total asset value in the next day. 

At a 99% confidence level, the VaR value is IDR 84,973,959,424, with a CVaR value of 0.00328 or 0.328%. 

This result reflects that 1% of the risk not covered by VaR can be calculated through CVaR, indicating a potential loss 

of 0.328% of the total asset value in the next day. 

Overall, this analysis implies that with higher levels of confidence, CVaR values indicate greater loss 

potential, providing a more comprehensive understanding of the risks to an asset portfolio. As an illustration, by 

having capital of IDR 100,000,000, the losses that can occur at 90%, 95% and 99% confidence levels are IDR 

224,000, IDR 256,000, and IDR 328,000, respectively. 

4.2. Discussion 

Based on the results of this research showing the Value-at-Risk and Conditional Value-at-Risk values at the 
90%, 95% and 99% confidence levels, it can be concluded that the higher the level of confidence, the VaR and CVaR 
values also increase. This means that as the level of trust increases, we see an increase in the potential losses that can 
occur. Increasing VaR values at higher confidence levels reflect increased risk to the portfolio, however, this 
information is not enough to provide an overall picture of potential losses. 

Therefore, an in-depth analysis of Conditional Value-at-Risk (CVaR) reveals a more comprehensive view of 
portfolio risk. CVaR not only considers the extremes of the distribution, which Value-at-Risk (VaR) often ignores, but 
also provides a more in-depth look at how much potential loss may occur within the tails of the distribution. The 
importance of CVaR is increasingly evident at the highest confidence level, namely 99%. At this level of confidence, 
CVaR reflects a higher value compared to VaR, indicating that the potential loss at extreme risk is much greater than 
can be measured by VaR. This fact strengthens the argument that CVaR is an important instrument in identifying and 
measuring risk, especially in highly unpredictable market conditions. 

This discussion highlights the essentiality of including CVaR in a portfolio risk evaluation framework, 
especially at high levels of confidence. Awareness of these extreme risks provides the holistic view necessary for 
decision makers in managing investment portfolios. In addition, this analysis confirms the need to adjust risk policies 
in accordance with established risk tolerance and investment objectives, making CVaR an important tool in making 
smart investment decisions. 

5. Conclussion 

In conclusion, the results of this research show that the investment portfolio analysis of the ten best shares on the Indonesia Stock 

Exchange (BEI) has provided in-depth insight regarding historical performance and the risks involved. As the level of confidence 

increases, the Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) values show an increase, indicating the potential for 

greater losses. In-depth analysis of CVaR provides a holistic picture of portfolio risk, especially at high confidence levels (99%). 
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This emphasizes the importance of CVaR as a risk evaluation tool that provides a more comprehensive perspective than VaR. In 

this context, it is recommended that the risk policy implemented must be in accordance with the risk tolerance and investment 

objectives that have been set, so as to optimize the level of profit while minimizing potential risks in managing the investment 

portfolio. 
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