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Abstract: An open economy is a new order of the world economic system that has provided space for all countries to 

interact and have integrity with one another. The economy facilitates the entry of foreign investors, but it also 

impacts the threat of financial crisis that is transmitted through increasingly open trade relations. The 

movement of the Indonesia Composite Index (ICI) and the dollar (US) exchange rates to rupiah are used to 

compile a model of the financial crisis in Indonesia. Crisis occurs due to high volatility and changing 

conditions. Volatility models are used to explain volatility, while changes in conditions can be explained 

through Markov switching. Therefore combining the volatility and Markov switching models is the best 

solution to explain the crisis. The goal of this research is to find the model of the financial crisis in Indonesia 

based on ICI and dollar (US) exchange rates to rupiah. The data that users are monthly data from 1990 to the 

2017 year. The result showed that for ICI indicator the combining model is MS(2)-ARCH(1) or 

SWARCH(2,1) model with a conditional average of AR (2). While based on the dollar (US) exchange rates 

to rupiah indicator, SWARCH (3.3) model with conditional average of AR(1).  

1 INTRODUCTION 

The open economy system has presented challenges 

to developing countries such as Indonesia, with the 

integration of the country's financial sector. But on 

the other hand, it can facilitate the spread of crises 

between countries, as happened in 1997 when the 

value of the Thailand currency fell sharply, and the 

impact spread to various countries. The crisis is a 

disruption of financial system stability in the 

economic order. To maintain this stability, it is 

necessary to monitor the occurrence of crisis, so that 

prevention and crisis recovery efforts can be carried 

out as early as possible. 

Banking and capital markets in Indonesia become 

indicators of financial systems that continue to 

increase every year. This has caused the development 

of capital market developments and the growth of the 

banking sector because transactions in the capital 

market are carried out through the banking system. 

The higher the investment, the greater the savings and 

the opportunity to provide funds which will 

ultimately accelerate economic growth. The 

Indonesia Composite Index (ICI) and the dollar 

exchange rates to rupiah have a vulnerability to 

economic stability shocks, this causes these indicators 

to fluctuate and condition changes. In anticipation, 

Hamilton and Susmel (1994) introduced the 

Autoregressive Conditional Heteroscedasticity 

Markov Switching (SWARCH) model which is a 

combination of volatility and Markov switching 

models as an alternative time series data modeling by 

observing fluctuations and changes in conditions in 

the data. Sugiyanto et al. (2017) through the 

SWARCH model has shown that the bank deposits, 

real exchange rates and terms of trade indicators can 

explain the crisis of 1997, 1998 and 2008. Sugiyanto  

et al. (2018) through the SWARCH model has shown 

that the output real, domestic credit per GDP, and ICI 

indicators can explain the crisis of 1997, 1998 and 

2008. In this study a combination of volatility and 

Markov switching models was formed which 

corresponded to the ICI indicator and the dollar 

exchange rates to rupiah to detect the financial crisis 

in Indonesia. 
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2 LITERATURE REVIEW 

2.1 Autoregressive Moving Average 
(ARMA) Model  

The ARMA (p, q) model has a general form 

𝑟𝑡 =  ∑ ∅𝑖𝑟𝑡−𝑖
𝑝
𝑖=1  +  𝑎𝑡 −  ∑ 𝜃𝑖𝑎𝑡−𝑖  ,

𝑞
𝑖=1      (1) 

where rt is the transformation value in the t-period, ∅0 

is a constant, ∅p is the parameter for AR, 𝜃𝑞 is the 

parameter for MA and 𝑎𝑡 is the T-period of residual 

of ARMA (p, q) model (Tsay, 2002).  

2.2 Autoregressive Conditional 
Heterocedasticity (ARCH) Model  

ARCH (m) model can be written as 

𝑎𝑡 = 𝜎𝑡𝜖𝑡 for 𝜖𝑡~𝑁(0,1) and  𝑎𝑡|𝜓𝑡−1~𝑁(0, 𝜎𝑡
2), 

             𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖𝑎𝑡−𝑖

2𝑚
𝑖=1 ,                (2) 

where 𝜖𝑡 is the standardized residual volatility model, 

ψt-1 is the set of all period information (t-1)th, m is the 

order of the ARCH model, α0 is the constant of ARCH 

model, αi is the parameter of ARCH model, and σt
2 is 

T-period residual variance (Tsay, 2002). 

2.3 Generalized Autoregressive 
Conditional Heterocedasticity 
(GARCH)Model 

If the order of the ARCH model is too high, then the 

GARCH (m, s) model is used in the form 

𝑎𝑡 = 𝜎𝑡𝜖𝑡 for 𝜖𝑡~𝑁(0,1) and  𝑎𝑡|𝜓𝑡−1~𝑁(0, 𝜎𝑡
2), 

𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖𝑎𝑡−𝑖

2

𝑚

𝑖=1

+ ∑ 𝛽𝑗𝜎𝑡−𝑗
2

𝑠

𝑗=1

, 

where βj is the parameter of GARCH  model (Tsay, 

2002). 

2.4 Exponential Generalized 
Autoregressive Conditional 
Heterocedasticity (EGARCH) 
Model 

If there is a leverage effect in the GARCH model, 

EGARCH (m, s) model is used in the form 

 

𝑎𝑡 = 𝜎𝑡𝜖𝑡 for 𝜖𝑡~𝑁(0,1) and  𝑎𝑡|𝜓𝑡−1~𝑁(0, 𝜎𝑡
2), 

ln 𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖 (|

𝑎𝑡−𝑖

√𝜎𝑡−𝑖
2

|)

𝑚

𝑖=1

+ ∑ 𝛽𝑖

𝑠

𝑖=1

ln 𝜎𝑡−𝑗
2  

+ ∑ 𝛾𝑖

𝑎𝑡−𝑖

√𝜎𝑡−𝑖
2

𝑚

𝑖=1

. 

where γi is the EGARCH model parameter (Henry, 

2007).  

2.5 SWARCH Model 

The SWARCH model according to Hamilton and 

Susmel (1994), can be written as 

       𝑟𝑡 = 𝜇𝑠𝑡 + 𝑎𝑡 , 𝑎𝑡 = 𝜎𝑡,𝑠𝑡𝜖𝑡,                         

𝜎𝑡,𝑠𝑡
2 = 𝛼0,𝑠𝑡

+ ∑ 𝛼𝑖,𝑠𝑡
𝑎𝑡−𝑖

2𝑚
𝑖=1 ,           (3) 

where μst is a conditional average in a state and σt,st
2 

is the residual variance in a t-period state. 

2.6 Smoothed Probability 

In the Markov chain, the next state only depends on 

the current state. The Markov chain process can be 

written as 

𝑃(𝑆𝑡+1 = 𝑗|𝑆0 = 𝑖0, … , 𝑆𝑡−1 = 𝑖𝑡−1, 𝑆𝑡 = 𝑖) 

= 𝑃(𝑆𝑡+1 = 𝑗|𝑆𝑡 = 𝑖) = 𝑝𝑖𝑗 , 

where pij is the transition probability that the process 

of being in state i at time t will go to state j at time t+1 

or it can be said that the state undergoes a transition 

from state i to state j. The one-step transition 

probability matrix for infinite states is given as 

𝑷 = [𝑝𝑖𝑗] = [
𝑝11 𝑝12 …
𝑝21 𝑝22 …

⋮ ⋮ ⋱
], 

where pij ≥ 0 for i, j = 1,2, ... and ∑ 𝑝𝑖𝑗
∞
𝑗=1 = 1 for     i 

= 1,2, …. 

  According to Kim and Nelson (1999), the value 

of smoothed probability (Pr(𝑆𝑡 = 𝑖|𝜓𝑇)), 𝑡 =
1,2, … , 𝑇 can be formulated as 

Pr(𝑆𝑡 = 𝑖|𝜓𝑇)

= ∑ 𝑃𝑟(𝑆𝑡+1 = 𝑠|𝜓𝑇)
3

𝑠=1
𝑃𝑟(𝑆𝑡 = 𝑖|𝑆𝑡+1 = 𝑠, 𝜓𝑇), 

where 𝜓𝑇  is a collection of all information in the 

observation data until the T-time.  
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3 METHODS 

This study is a case study using the ICI monthly data 

and the dollar exchange rates to rupiah taken from 

1990 to 2017. The data used was obtained from Bank 

Indonesia and the Central Statistics Agency. 

Calculation and estimation of the model is done with 

software R. The following steps are taken to achieve 

the research objectives on each indicator: 

1. Making a data plot then perform Augmented-

Dickey Fuller (ADF) test to determine the 

stationary of data. If it is not stationary, then the 

data is transformed.  

2. Plotting the autocorrelation function (ACF) and 

the partial autocorrelation function (PACF) of the 

transformation data to form the ARMA(p,q) 

model, then testing of independency, normality, 

and heteroscedasticity of the residual ARMA 

models using the Ljung-Box test, Kolmogorov-

Smirnov test, and the Lagrange Multiplier (LM) 

test respectively.  

3. Establish and conduct diagnostic tests on the best 

model of volatility. 

4. Clustering the residual value of the ARMA model.  

5. Form a combination of volatility and Markov 

switching models based on the number of clusters. 

6. Calculating the value of smoothed probability to 

detect the occurrence of a crisis in the past. 

4  RESULTS AND DISCUSSION 

4.1 Plot of Data 

Plot of ICI indicator and dollar (US) exchange 

rates to rupiah indicators can be seen in Figure 1. 

Figure 1 shows that the data fluctuates from time to 

time so that it is indicated that the data is not 

stationary. Then the ADF test was conducted to see 

the stationary data. Based on ADF testing, the 

probability values are 0.6934 and 0.2793 for the ICI 

and the dollar exchange rates to rupiah indicators is 

greater than α = 0.05, which means that the data is not 

stationary. 

According to Tsay  (2002), economic indicators 

tend to fluctuate from time to time so transformation 

needs to be done. The most suitable transformation 

for the ICI indicator and the dollar exchange rates to 

rupiah is the log return. Then the ADF was tested on 

the transformation data and obtained the probability 

values of 0.01 and 0.01 respectively, so it was 

concluded that the ICI and the dollar exchange rates 

to rupiah indicators of transformed data were 

stationary. 

 

 

 

 

 

Figure 1: (a) ICI Data (b) Dollar exchange rates to rupiah 

Data 

4.2 Form of ARMA(p,q) Model 

The ARMA (p, q) model can be identified using ACF 

and PACF plots from the transformation data of each 

indicator. Based on the ICI indicator, using equation 

(1) it was obtained the best model was ARMA (1, 0) 

and written as  

𝑟𝑡 = 0.21427𝑟t−1 + 𝑎t. 

While the best model for the dollar exchange rates 

indicator was ARMA (2, 0), which can be written as 

𝑟𝑡 =  0.88425 +  1.089141𝑟𝑡−1 − 0.327962𝑟𝑡−2 

+ 𝑎t. 

Furthermore, the feasibility test of the ARMA 

model includes the independence test, normality test 

and heteroscedasticity test on the residues of the 

ARMA model for each indicator. Heteroscedasticity 

effect test can be done using the Lagrange Multiplier 

(LM) test, and it was obtained the probability values 

for ICI and dollar exchange rates to rupiah indicators 

of 0.0000 and 0.0000 respectively so that it can be 

concluded that there was an effect of 

heteroscedasticity on the residual of ARMA model of 

each indicator. 

 

4.3  Form of Volatility Models 

The estimation results for the ICI indicator using 

equation (2) are the best volatility model, ARCH(1), 

can be written as  
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𝜎𝑡
2 = 0.005048 + 0.182678𝑎2

𝑡−1. 

For the dollar exchange rates to rupiah indicator, the 

best volatility model is ARCH (3), that can be written 

as  

𝜎𝑡
2 = 0.00005015 + 1.317𝑎2

𝑡−1 + 0.7475𝑎2
𝑡−2 

+0.2509𝑎2
𝑡−3. 

Furthermore, diagnostic tests were carried out on 

standardized residues of ARCH(1) model for  ICI and 

dollar exchange rates to rupiah indicators. Based on 

Ljung-Box statistics, the probability value were 0.892 

and 0.9936 which means that there was no residual 

autocorrelation. Based on LM test, it was obtained the 

probability of 0.07197 and 0.9936 respectively which 

means that there was no effect of heteroscedasticity 

in the residue. Based on the Kolmogorov-Smirnov 

test, probability is 0.6 and 0.2222 which means that 

the residue is normally distributed. Based on 

diagnostic tests that have been carried out on the two 

indicators, it can be concluded that the ARCH (1) 

model is good to use. 

4.4  Cluster Analysis 

Cluster analysis uses the ward hierarchy method to 

determine the number of cluster of volatility 

clustering that will be used in the Markov switching 

model and in determining the value of smoothed 

probability. The result of cluster analysis of ICI 

indicator can be seen in Table 1. 

In column 1 Table 1, it can be seen that at stage 

320th has coefficient 55.313 (column 4) and at stage 

321st has 145.499. The increase of coefficient is not 

drastic, but the first drastic surge of 176,501 occur in 

the 321st  and 322nd  stages, from 145,499 to 322 this 

occurred when the agglomeration process produced 

two clusters for the ICI. The result of cluster analysis 

of dollar exchange rates to rupiah indicator can be 

seen in Table 2. 

In column 1 Table 2, it can be seen that at stage 

320th has coefficient 55.778 (column 4) and at stage 

321st has 122.281 where this is the first drastic surge 

of the coefficient that is 66,503. It occurred when the 

agglomeration process produces three clusters. 

Furthermore, the formation of SWARCH models 

with 2 states for ICI indicators and 3 states for dollar 

exchange rates indicators. 

 

Table 1: Results of cluster analysis of ICI. 

 

Table 2: Results of cluster analysis of dollar exchange rates 

to rupiah. 

 

 

4.5  Form of Markov Switching and 
Volatility Models 

In the Markov model, switching condition changes 

are considered as an unobservable random variable 

called state. To model changes in these conditions can 

be formed transition probability matrix. The 
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conditions intended in this study are conditions of low 

and high volatility. The transition probability matrix 

for the ICI indicator is written as follows 

𝑃 = (
0.98389655 0.05777095
0.01610345 0.94222905

) 

Based on the P transition probability matrix, the 

probability value to survive in low volatility is 

0.98389655 and high volatility is 0.94222905. While 

the probability transition matrix for the dollar 

exchange rates to rupiah indicator is written as 

follows 

𝑄 = (
0.95802949 0.009195131 0.009823464
0.02465327 0.980435796 0.013257485
0.01731724  0.010369073 0.976919050

) 

Based on the Q transition probability matrix 

obtained the probability value to withstand low 

volatility of 0.95802949, the probability value to 

withstand moderate volatility of 0.980435796 and the 

probability value to withstand high volatility of 

0.976919050. 

The best combination of volatility and Markov 

switching models for ICI indicators using equation 

(3) is SWARCH (2, 1) with conditional averages and 

conditional variances for each state are 

𝜇𝑆𝑡
=   {

0.00019137, for 𝑠𝑡𝑎𝑡𝑒 1,
−0.00025328, for 𝑠𝑡𝑎𝑡𝑒 2,

  
 
  
 

and 

𝜎𝑡,𝑆𝑡
2 =      {

0.00324169, for 𝑠𝑡𝑎𝑡𝑒 1
0.28938583, for 𝑠𝑡𝑎𝑡𝑒 2

 

The best model for the dollar exchange rates to 

rupiah indicator is SWARCH (3, 3) with conditional 

averages and conditional variances for each state 

respectively 

𝜇𝑆𝑡
=   {

  0.00009063, for 𝑠𝑡𝑎𝑡𝑒 1
 −0.00000063, for 𝑠𝑡𝑎𝑡𝑒 2
  0.00001288, for 𝑠𝑡𝑎𝑡𝑒 3

 

and 

𝜎𝑡,𝑆𝑡
2 =      {

0.00007556, for 𝑠𝑡𝑎𝑡𝑒 1,
0.00000265, for 𝑠𝑡𝑎𝑡𝑒 2,
0.00000018, for 𝑠𝑡𝑎𝑡𝑒 3.

 

 

4.6  Determination of Crisis 

Figure 2 shows the plot of smoothed probability from 
the SWARCH (2,1) model for the ICI indicator that 
calculated using equation (4). 

If the value of smoothed probability is less than 
0.4708 so the condition is stable, while the crisis is 
when the smoothed probability value is more than 
0.4708. From figure 2, it can be seen that in March to 
June 1990, August 1990 to October 1991, July 1997 
to August 2000, and July 2008 to April 2009 were 
detected to be a crisis. 
 
 
 
 
 
 
 
 
 

 
 

 

 

Figure 2: Smoothed probability for ICI. 

Figure 2 shows the value of the smoothed probability 

of the dollar (US) exchange rates to rupiah. The crisis 

occurs when the value of the smoothed probability is 

greater than 0.9024 and prone to the crisis if the value 

of smoothed probability is between 0.4086 and 

0.9024, while the state is stable if the value of 

smoothed probability is less than 0.4086. Based on 

this limit, the crisis was detected in July 1997 to 

October 2000, March 2001 to September 2001, and 

October 2008 to April 2009. 

5 CONCLUSIONS 

Based on the results and discussion, it was obtained 

findings as follows: 

1. The ICI and dollar exchange rates to rupiah 

indicators can be modeled by SWARCH (2,1) and 

SWARCH (3, 3), and can capture the crisis that 

occurred in 1997, 1998 and 2008. 

2. Indicator of the dollar (US) exchange rates to 

rupiah is more sensitive than ICI to explain crisis 

conditions in accordance with facts. 
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