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Abstract
This paper analyzes the risk measurement using CVaR when return follows the liability asset model with
an unstable volatility approach. An unstable flat model is estimated using ARMA models, and the volatility
model is not constantly estimated using GARCH models. The surplus return is estimated using the asset
liability model. The prediction value using flat models and unstable volatility, is then used to determine the
mean and variance of surplus returns that follow the asset liability model. Next, the average value and the
variance of surplus returns are used to determine the magnitude of VaR and CVaR of each surplus return.
The results of VaR and CVaR calculation of surplus return can be used as information in considering
investment risk policy on each assets and liabilities analyzed.
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1. Introduction
Investing in financial assets is an activity that contains uncertainty. Investors cannot know exactly how much the
expected rate of return will be earned, and cannot take into account how much of the deviation that occurred on the
investment (Jaaman et al., 2013). The uncertainty that can lead to such deviation is a risk, which is usually faced by
investors. It should be realized, however, that it is difficult to separate between returns as investment benefits and
possible risks (Sukono et al., 2016a; 2016b). There is a correlation between the return and risk, as generally, the greater
the return offered by an investment asset, the higher the risk content in the investment asset. That is, any future
expectations of an investment, there must be a potential risk of investment. Moreover, the future contains full of
uncertainty, while uncertainty is a risk (Boudt et al., 2013; Sukono et al., 2017a).
Risk measurement is very important in the analysis of investments in financial assets, considering this is related to
investment with substantial allocation of funds (Tokpavi and Vaucher, 2012). Risk is usually measured by using
standard deviation or variance. Note, however, that standard deviation or variance is a measure of average risk. So it
cannot accommodate any risk events that may occur. Given that, it develops that risk is measured using quantitative,
or better known as Value-at-Risk (Sukono et al., 2017b; 2017c). Despite its wide use, Value-at-Risk is also known to
have unattractive properties, among them that Value-at-Risk is a measure of risk that is not strong and unconventional
(Sawik, 2011). It thus encourages the use of the Conditional Value-at-Risk. Using Conditional Value-at-Risk allows
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investors to analyze the probability of a greater risk of loss event than Value-at-Risk (Sawik, 2011; Boudt, 2013;
Xiong and Idzorek, 2010).
There are some investors who are able to invest in financial assets, but on the other hand the investor also has an
obligation to pay from the investment. Thus, the profit earned by investors is a surplus between investment returns
with obligations (liabilities) to be borne (Romanyuk, 2010; Sukono et al., 2017a). Therefore, in this paper we will
analyze Conditional Value-at-Risk under the asset-liability model. In the analysis is done by using the approach of
volatility is not constant, namely that the return of assets and return liability is considered time series data. The
objective is to analyze Conditional Value-at-Risk on a data return that has uneven mean and volatility. As a numerical
illustration, discussed several assets that are traded on the Indonesia Stock Exchange.

2. Methodology
Analysis of Conditional Value-at-Risk under the asset liability models with non constant volatility approach
covering the steps that are outlined below.

2.1 Determination of Return

Suppose Pt price or value of an asset-liability at a time t ( t  1,..., T and T number of observation data),
and rt return asset-liability at time t . The amount of asset-liability return can be determined by equation
(Sukono et al., 2017b; Tsay, 2005):
 P 
(1)
rt  ln  t 
 Pt 1 
Return data rt then used in the estimation of the average model as follows.

2.2 Estimation of Mean Model
The estimation of the mean model in time series data is done using the autoregressive moving average
(ARMA) model approach. Suppose rt is a data return that follows the time series pattern, ARMA degree
model p and q written as ARMA( p , q ),which generally have in common:

rt  0 

p

q

i 1

j 1

i rt i  at   j at 1 ,

(2)

Where {at } residual rows of white noise, as well as p and q non-negative integers Sukono et al., 2016a).
The process of estimating the average model in time series data is done by the following stages: (i)
Stationarity test of data return; (ii) Identification of a fl at model; (iii) Estimation of average model
parameters; (iv) Diagnostic test of the average model; and (v) Predi ction using an average model (Sukono
et al., 2016b;Tsay, 2005).

2.3 Estimation of Volatility Model
The estimation of volatility is not constant using the generalized autoregressive conditional heteroscedastic
(GARCH) model approach. The estimation of the volatility model is not constant by using the residual data
from the average model. Suppose residual a t where at  rt  rˆt , model GARCH degrees u and v written
as GARCH( u , v ),and has a volatility equation  t2 as:
2
at   t  t ,  t   0 

u

v

i 1

j 1

  i at2 i    j t2 j   t ,

(3)

where { t } the residual row of volatility models which are randomly distributed and iid variables with a
mean of 0 and variance 1. The parameters must meet the following constraints:  0  0 ,  i  0 , i  1,..., u ,
and  j  0 , j  1,..., v (Johansson and Sowa, 2013; Tsay, 2005).
The process of estimating the volatility model is carried out by the following steps: (i) ARCH element
testing in average residuals; (ii) Identification of volatility models; (iii) Estimation of volatility model
parameters; (iv) Diagnostic testing of volatility models; and (v) Predict ions using volatility models (Sukono
et al., 2016b; Tsay, 2005).

© IEOM Society International

2727

Proceedings of the International Conference on Industrial Engineering and Operations Management
Bandung, Indonesia, March 6-8, 2018

2.4 Modeling Mean and Variance Surplus of Asset-Liability
The model of surplus return on assets is described briefly as follows. Suppose At assets on time t , Lt
liability at the time t , and S t surplus on time t . At the beginning t =0, the initial surplus is given by:
S 0  A0  L0 .
The surplus obtained after one period is (Imaduddin, 2010; Romanyuk, 2010):
S1  A1  L1  A0 [1  rA1 ]  L0 [1  rL1 ] ,
Suppose rS return surplus expressed as:
S S
A r
L r
1
rS  1 0  0 A  0 L  rA 
rL ,
A0
A0
A0
f0

(4)

L
with f 0  0 (Imaduddin, 2010; Romanyuk, 2010).
A0
Based on equation (4) the average of the surplus return can be determined by the formula:
1
(5)
 S  E[rS ]   A   L .
f0
Where  S ,  A and  L respectively are the average of surplus returns, assets, and liabilities. Also based
on (4), the surplus variance can be determined by the formula:
2
1 2
2
(6)
 S2   A
  AL 
L.
f0
f2
0
2
2
2
Where  S ,  A and  L respectively are variance of surplus returns, assets, and liabilities. While

 AL

covariance between asset return and liability return (Imaduddin, 2010; Romanyuk, 2010).

2.5 Modeling of VaR and CVaR

Suppose VaRS stated Value-at-Risk surplus return. When given  S mean and  S the standard deviation
from the surplus return, then VaRS expressed as:
VaRS  W0 { S  z c S ).
Where W 0 initial funds invested, and z c percentile of standard normal distribution with significance level
c (Sawik, 2011; Sukono et al., 2017c). Using the mean and variance of surplus returns in equations (5)
and (6), VaRS under the asset-liability model can be expressed as:
1

1
1 2 2
2 2 
(7)
 L )  zc ( A
AL  2  L ) } .
f0
f0
f0
Furthermore, suppose CVaRS states Conditional Value-at-Risk surplus return, and L( rS ) loss rate
(Loss) of surplus return. Conditional Value-at-Risk is basically (Sawik, 2011; Xiong and Idzorek, 2010):
CVaRS  E[ L( rS ) | L(rS )  VaRS ] .
(8)
Conceptually CVaRS can be shown in Figure-1 below.
VaRS  W0 {(  A 

Figure 1. The concept of VaRt and CVaRt
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As a numerical illustration, analyzes of several financial assets traded on the Indonesia Stock Exchange are
as follows.

3. Illustration Analysis
In this section numerical illustrative analysis includes: illustrative data, uneven constant model estimation
and volatility, average estimation and variance of surplus returns, as well as the estimated Conditional
Value-at-Risk return surplus, as follows.

3.1 Illustration Data
The data analyzed is accessed through the website http://www.finance.go.id. The data consists of five
selected assets, for the period of January 2, 2014 up to June 4, 2017, coveri ng the closing prices of INDF,
LSIP, HDMT, UNTR and BBRI assets. Next, in sequence is called by A1 , A2 , A3 , A4 , and A5 . The data
of each liability are generated simulation. The data of the liability is subsequently referred to as L1 , L2 ,
L3 , L4 , and L5 .
Both the asset price and the liability data are then determined by the return of each use (1). The asset
and liability return data will be used to estimate the following unchanged average and volatility models.

3.2 Estimation Model of Mean and Non Constant Volatility
In this section an average model estimation and unstable volatility with time series approach are used. First,
stationarity test is done to asset return data A1 , A2 , A3 , A4 , and A5 using unit root test statistics. The
stationarity test is done with the help of Eviews 7 software, and the results show that all asset return data
is stationary. Secondly, each stationary data return is then estimated by the averag e model. Estimates are
performed using ARMA models referring to equation (2). Estimates carried out include stages:
identification of the average model, model parameter estimation, parameter verification test, and diagnostic
test. All stages were performed using the help of Eviews 7 software, and the result of the average model
estimation of all shows was significant.
Third, using residuals from each model of average return on assets A1 , A2 , A3 , A4 , and A5 , do non
constant volatility model estimation. The non constant volatility estimated using GARCH models refers to
equation (3). Estimation phase is non constant volatility models include: ARCH element test, identification
of the model, the model parameter estimation, verification test parameters, and diagnostic testing. All
phases conducted with the help of software Eviews 7, and the estimation results indicate that all non
constant volatility models has been significant. The results of the models estimates the mean and non constant volatility are in the outline given in Table-1 in the Model column. Estimator mean and non constant
2 (1)
volatility models, then used for prediction one period ahead, that is rˆAi (1) and ˆ A
. Predictions are done
i
iteratively with the help of Excel 2007 software, and the results are summarized in Table -1.

Table-1. Estimator of Mean and Volatility of Asset Return
Asset
( Ai )

Models

rˆAi (1)

Volatility
2 (1)
ˆ A
i

A1

ARMA(1,0)-GARCH(1,1)

0.045389

0.002653

A2

ARMA(1,1)-GARCH(1,1)

0.008673

0.001931

A3

ARMA(1,1)-GARCH(1,1)

0.003575

0.001172

A4

ARMA(1,1)-TGARCH(1,1)

0.020707

0.013462

A5

ARMA(0,1)-GARCH(1,1)

-0.000675

0.001246

Mean

The same way as above, used for the estimation of the mean and non contant volatility models on the
five data return liabilities. The result, both the mean and the non constant volatility models return liability
L1 , L2 , L3 , L4 , and L5 shows have been significant. The result of the mean and the non constant volatility
models estimation of return liability is given in Table-2 of the models column.
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Table-2. Estimator of Mean and Volatility Return Liabilities
Models

rˆLi (1)

Volatility
ˆ L2 (1)
i

L1

ARMA(2,2)-ARCH(1)-M

0.039018

0.002787

L2

ARMA(0,1)-GARCH(3,3)

0.003326

0.001333

L3

ARMA(0,1)-GARCH(1,1)

-0.000273

0.001773

L4

ARMA(0,1)-EGARCH(1,1)

0.001595

0.001413

L5

ARMA(1,1)-GARCH(1,1)

0.022184

0.001191

Mean

Liability
( Li )

The values of the mean estimator rˆAi (1) and volatility ˆ L2 (1) return of assets in Table-1, as well as the
i
mean values rˆLi (1) and variance ˆ L2 (1) in Table-2, is then used to estimate the mean value  S and
i
variance  S2 surplus return, the following.

3.3 Estimated Values of Mean and Variance Return Surplus
In this section to estimate the mean value  S and variance  S2 return of surplus S1 , S 2 , S 3 , S 4 , and S 5
, using an asset-liability model. Here it is assumed that the ratio between liabilities and assets at the time
of the beginning f 0  1 . Furthermore, using estimator of mean return of assets in Table-1 and estimator of
mean return of liability in Table-2 can be estimated the mean value of surplus return. The estimated average
value of surplus return is done using equation (5). Here also a n estimate of the value of covariance between
asset returns with the corresponding return liability. This is because to estimate the variance of surplus
return using equation (6), requires the value of covariance between asset return and return liability  AL .
The estimated value of the variance of surplus return is done using equation (6). From the estimator the
value of variance can be used to calculate the standard deviation of surplus return. The result of estimation
of mean value, covariance, variance, and standard deviation of surplus return is given in Table -3.
Table-3. The mean estimator, covariance and variance Return Susrplus
Surplus
( Si )

Mean
( S )
i

Covariance
(  AL )

Variance
2
( )
Si

Standard Dev.
(S )

S1

0.006371

0.000212

0.004892

0.069943

S2

0.005347

0.000740

0.001308

0.036166

S3

0.003848

0.000780

0.001861

0.043139

S4

0.019112

0.000421

0.014413

0.120054

S5

-0.022859

0.000311

0.002437

0.049366

i

i

Estimator of mean value and standard deviation of surplus return in Table -3, then used to estimate
Conditional Value-at-Risk value from the following surplus return.

3.4 Estimation of Conditional Value-at-Risk Return Surplus

© IEOM Society International

2730

Proceedings of the International Conference on Industrial Engineering and Operations Management
Bandung, Indonesia, March 6-8, 2018
In this section, the Conditional Value-at-Risk is estimated ( CVaRS ) return of surplus S1 , S 2 , S 3 , S 4 , and
S 5 , for some conditions the value of significance level c , which cover: c =10%; c =7.5%; c =5%; c =2.5%
and c =0.5%. Estimates are done by referring to equations (7) and (8), the results given in Table -4.
Table-4. Estimator of Conditional Value-at-Risk
CVaRS
Surplus

S1

10%
0.044445

7.5%
0.050710

5%
0.058851

2.5%
0.071346

0.5%
0.095766

S2

0.047555

0.054076

0.062552

0.075559

0.100982

S3

0.054950

0.062198

0.071618

0.086076

0.114332

S4

0.133898

0.152760

0.177274

0.214897

0.288427

S5

0.086124

0.093923

0.104059

0.119615

0.150017

Estimator value CVaRS for some conditions the value of significance level c in Table-4, for each
surplus return S1 , S 2 , S 3 , S 4 , and S 5 can be shown as a graphic form as in Figure-1.
Graph Plot of Five Surplus Return
0,30

Variable
S1
S2
S3
S4
S5

0,25

CVaR

0,20

0,15

0,10

0,05
0.5%

2.5%

5%
Significance Level c

7.5%

10%

Figure 1. CVaR Graph For Five Return Surplus
In Figure-1, on the horizontal axis, respectively indicates the value of significance level c =0.5%; c =2.5%;
c =5%; c =7.5% and c =10%. While on the vertical axis shows the value of CVaRS .
Noting the graph in Figure 1 appears that for the value of the level of significance c =0.5%; c =2.5%; c
=5%; c =7.5% and c =10%; shows that the estimator graph CVaRS for surplus return S1 is the lowest. This
gives a signal that the risk of loss on the surplus return S1 is the least likely. Next, followed by the graphs
respectively CVaRS for surplus return S 2 , S 3 and S 5 . While the estimator graph CVaRS for return S 4 is
much higher than the other four surplus returns. This gives a signal that the risk of loss for a surplus return
S 4 far more likely.
Furthermore, if note the change in estimator graph CVaRS for each value of significance level c =0.5%;
c =2.5%; c =5%; c =7.5% and c =10%; then it is seen that the surplus return S1 , S 2 , S 3 and S 5 the trend
of lowering is relatively low. The downward trend is somewhat diminished after reaching the level of
significance c =2.5%. While the estimator graph CVaRS for surplus return S 4 the downward trend is
relatively sharp, and the downward trend is decreasing lower after reaching the value of significance level
c =2.5%. The high decreasing trend of estimator graph CVaRS it clearly illustrates the change in risk level,
for any change in the condition of the value of significance level c specified by the investor.
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4. Conclusions
In this paper we have performed an analysis of Conditional Value-at-Risk (CVaR) under the asset liability
model with unstable volatility. The data used in the analysis covered the prices of INDF, LSIP, HDMT,
UNTR, and BBRI assets. While the liability price data used is generated simulation, this is because the data
liability used in the analysis here is not obtained. From result of analysis, surplus return S1 has an estimator
CVaRS the lowest for any condition value of significance level c =10%; c =7,5%; c =5%; c =2,5% and c
=0,5%, followed subsequently by surplus returns S 2 , S 3 and S 5 . While the surplus return S 4 has an
estimated value CVaRS much higher. Such an analysis is expected to provide an understanding, and be
taken into consideration in decision making for the investor, to establish the co ndition of the level of
significance in the measurement of risk.
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