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The popularity of cryptocurrency as an investment instrument has 

surged in recent years despite its high volatility, particularly for 

Bitcoin (BTC) and Ethereum (ETH). This study analyzed the volatility 

dependence between BTC, ETH, and the Indonesia Composite Index 

(IHSG) using the DCC-GARCH-Copula approach. The data consisted 

of daily closing prices from January 1, 2022, to December 31, 2024. 

The analysis began with univariate ARIMA-GARCH modeling, 

followed by the estimation of the DCC-GARCH model, and concluded 

with non-linear dependence modeling using Gaussian and Student-t 

copulas. The results indicated that BTC and ETH exhibited 

significantly higher volatility compared to the IHSG. The average 

dynamic correlation between IHSG-BTC and IHSG-ETH was 

relatively low, whereas the correlation between BTC-ETH was 

strongly positive, averaging 0.8399. The Student-t copula model 

demonstrated superior performance in capturing dependencies, 

especially during extreme events (tail dependence), with the highest 

tail dependence observed in the BTC-ETH pair, averaging 0.3798. 

These findings suggest a weak volatility connection between the stock 

market and cryptocurrencies, but a strong interdependence among 

crypto assets themselves, indicating that cryptocurrencies may serve 

as potential diversification instruments, albeit with considerable 

extreme risk that must be managed. 
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1. INTRODUCTION  

In recent years, the role of cryptocurrency as an investment instrument has experienced highly 

significant growth. Data from the Indonesian Financial Services Authority (OJK) indicate that, as of September 

2024, the number of crypto asset investors in Indonesia had reached 21.27 million individuals, and this 

condition continues to exhibit an increasing trend from month to month [1]. Interest in digital assets has 

emerged not only among individual investors but also among financial institutions that have begun utilizing 

these instruments to expand their portfolio diversification strategies [2]. According to the CoinGecko report 

(2025), the global cryptocurrency market capitalization reached USD 3.66 trillion in January 2025, reflecting 
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an increase of 116.42% compared with the previous year. As digital assets developed through cryptographic 

technology, cryptocurrencies employ blockchain systems to record coin ownership within decentralized 

distributed databases [3][4]. Since the emergence of Bitcoin in 2009, various other digital currencies such as 

Ethereum and Litecoin have also emerged and dominated the global market [5][6]. The primary attractiveness 

of cryptocurrencies lies in their decentralized characteristics, diversification potential, and prospects for high 

returns. Nevertheless, cryptocurrency markets are also recognized for their extreme volatility, making them 

high-risk investment instruments [7], particularly when compared with traditional financial instruments such 

as stocks [8]. 

Meanwhile, the Indonesia Composite Index (IHSG) represents the primary benchmark of the Indonesian 

capital market and reflects national economic conditions [9][10]. Introduced on April 1, 1983 with an initial 

base value of 100, the IHSG reflects the performance of all shares listed on the Indonesia Stock Exchange 

(IDX). Its value is highly influenced by global economic dynamics and domestic government policies. 

Therefore, understanding the relationship between cryptocurrency volatility and IHSG movements is essential 

for assessing diversification opportunities and portfolio risk management strategies amid continuously 

evolving market conditions. 

Volatility in financial markets refers to the uncertainty associated with asset price movements, 

commonly measured using the standard deviation of returns. Greater deviations indicate higher volatility levels 

[11]. Engle (1982) introduced the GARCH modeling approach to capture time-varying volatility behavior by 

considering the influence of past information on asset return variance [12]. Therefore, this study focuses on 

volatility analysis to understand the relationship between cryptocurrency markets and the Indonesian stock 

market. 

To examine this relationship, this study employs the Dynamic Conditional Correlation-Generalized 

Autoregressive Conditional Heteroscedasticity-Copula (DCC-GARCH-Copula) model. The DCC-GARCH 

model is utilized to analyze dynamic correlations among assets over time [13] [14], whereas Copula models 

are employed to identify nonlinear dependence structures [15][16]. The primary advantage of combining these 

two methods lies in their capability to capture complex financial market characteristics, including 

heteroskedasticity and tail dependence [17]. Several previous studies have also demonstrated that interactions 

between stock markets and cryptocurrency markets are not static but are highly influenced by external factors 

such as monetary policy and geopolitical tensions [2] [18] [19]. 

This study aims to evaluate the relationship between cryptocurrency markets and the IHSG through 

the DCC-GARCH-Copula approach. Bitcoin and Ethereum were selected as representatives of the 

cryptocurrency market because they account for more than 65% of the global crypto asset market capitalization 

as of January 2025. Meanwhile, the IHSG was selected as the primary indicator of the domestic stock market. 

We employed multiple bivariate DCC models, estimated separately for each asset pair. Accordingly, the 

analysis was conducted on three pairs: Bitcoin–IHSG, Ethereum–IHSG, and Bitcoin–Ethereum. Through this 

approach, the study is expected to contribute academically to the understanding of interactions between digital 

assets and traditional stock markets while also providing practical insights for investors in designing portfolio 

strategies involving cryptocurrencies and the IHSG.  

 

2. METHOD  

 

2.1 Data  
The data utilized in this study consist of secondary daily closing price data for the IHSG and 

cryptocurrencies during the period from January 1, 2022 to December 31, 2024. The data were collected from 
https://id.investing.com/.  

 

2.2 Log Return 
Return represents an indicator used to measure the level of profit or investment return generated from an 

investment activity. One common approach for calculating returns is the log return, formulated as shown in 
Equation (1).  

𝒓𝒕  =  𝐥𝐧 (
𝑷𝒕

𝑷𝒕−𝟏

) (1) 

In this formula, 𝑟𝑡   represents the log return at time 𝑡, while 𝑃𝑡 and 𝑃𝑡−1 denote the asset closing prices at period 
𝑡 and the previous period 𝑡 − 1, respectively [20]. 
 
2.3 Autoregressive Integrated Moving Average (ARIMA) Model 

The ARIMA model is derived from the combination of the Autoregressive (AR), Moving Average (MA), 
and Autoregressive Moving Average (ARMA) models [20]. First, the AR(𝑝) model or ARIMA(𝑝,0,0) model 
is expressed in Equation (2): 
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𝒁𝒕 = 𝝓𝟏𝒁𝒕−𝟏 + 𝝓𝟐𝒁𝒕−𝟐 + … + 𝝓𝒑𝒁𝒕−𝒑 + 𝒂𝒕 (2) 

Second, the MA(𝑞) model or ARIMA(0,0, 𝑞) model is expressed in Equation (3): 
𝒁𝒕 = 𝒂𝒕 − 𝜽𝟏𝒂𝒕−𝟏 − 𝜽𝟐𝒂𝒕−𝟐 − … −  𝜽𝒒𝒂𝒕−𝒒 (3) 

Third, the ARMA(𝑝, 𝑞) model or ARIMA(𝑝,0,𝑞) model is expressed in Equation (4): 
𝒁𝒕 =  𝝓𝟏𝒁𝒕−𝟏 +⋯+ 𝝓𝒑𝒁𝒕−𝒑 + 𝒂𝒕 −  𝜽𝟏𝒂𝒕−𝟏 − … − 𝜽𝒒𝒂𝒕−𝒒 (4) 

Fourth, the ARIMA(𝑝, 𝑑, 𝑞) model is expressed in Equation (5): 

𝝓𝒑(𝑩)(𝟏 − 𝑩)𝒅𝒁𝒕 = 𝜽𝒒(𝑩)𝒂𝒕 (5) 

The initial stage of the model identification process was conducted by examining the patterns of the 
Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots [21]. To examine the 
significance of the model parameters, hypothesis testing was conducted using the following hypotheses 
𝐻0 ∶ 𝜃 = 0   
𝐻1 ∶ 𝜃 ≠ 0 
The test statistic value was calculated using Equation (6), namely 

𝒕 =  
𝜽̂

𝑺𝑬 (𝜽̂)
 (6) 

The decision to reject 𝐻0 was made when the absolute value of the t-statistic exceeded the critical value 

𝑡∝
2
;𝑑𝑓=𝑛−𝑛𝑝

 or when the p-value was smaller than the significance level 𝛼, where 𝑛𝑝 denotes the number of 

estimated parameters. In addition to significance testing, model quality assessment was also performed using 
the Akaike Information Criterion (AIC), which is formulated in Equation (7) [22]: 

𝑨𝑰𝑪 = 𝟐𝒑 − 𝟐𝐥𝐧 (𝑳̂) (7) 

where 𝑝 denotes the number of parameters and 𝐿̂ represents the maximum value of the likelihood function. 
Residual diagnostic testing was conducted to evaluate the validity of the ARIMA model, particularly in 

ensuring that the residual assumptions of white noise and normal distribution were satisfied [23]. White Noise 
Test. To examine whether the residuals exhibit white noise characteristics, the Ljung–Box test was employed 
with the following hypotheses: 
𝐻0 ∶  𝜌1 = 𝜌2 = ⋯ = 𝜌𝑘 = 0  
𝐻1 ∶ at least one 𝑝𝑖 ≠ 0 for 𝑖 = 1,2, … , 𝑘  
The test statistic was calculated using Equation (8): 

𝑸 = 𝒏(𝒏 + 𝟐)∑
𝒑 
𝒊
𝟐

𝒏 − 𝒊
, 𝒏 > 𝒌

𝒌

𝒊=𝟏

 (8) 

The decision to reject 𝐻0 was made when the value of 𝑄 exceeded the chi-square distribution quantile 

𝜒(𝛼,𝑑𝑓=𝑘−𝑝−𝑞)
2 , or when the p-value was smaller than the significance level 𝛼, where 𝑘 denotes the maximum 

lag, 𝑛 represents the number of observations, and 𝑝 
𝑖
1
 denotes the residual autocorrelation value at lag 𝑖. 

Normality testing was conducted to verify whether the residuals followed a normal distribution, using 
the Kolmogorov–Smirnov test with the following hypotheses: 
𝐻0 ∶ 𝐹(𝑎𝑡) = 𝐹0(𝑎𝑡)  
𝐻1 ∶ 𝐹(𝑎𝑡) ≠ 𝐹0(𝑎𝑡) 
The test statistic was calculated using Equation (9): 

𝑫𝒔𝒕𝒂𝒕𝒊𝒔𝒕𝒊𝒄 = 𝒔𝒖𝒑𝒂𝒕| 𝑭(𝒂𝒕) − 𝑭𝟎(𝒂𝒕)| (9) 

The null hypothesis was rejected if the calculated value of 𝐷𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 exceeded the critical value 𝐷𝛼,𝑛 or 

if the p-value was smaller than 𝛼. Furthermore, heteroskedasticity testing was conducted to identify the 
presence of ARCH effects in the residuals of the ARIMA model, using the Lagrange Multiplier (LM) test with 
the following hypotheses: 
𝐻0 ∶  𝛼1 = 𝛼2 =. . . = 𝛼𝑞 = 0 (There is no ARCH effect.) 

𝐻1 ∶ at least one 𝛼𝑖 ≠ 0, for 𝑖 = 1,2, … , 𝑞 (there is ARCH effect.) 
The LM test statistic value was calculated based on Equation (10): 

𝑳𝑴 =  𝑻𝑹𝟐 (10) 

where 𝑇 denotes the number of observations and 𝑅2 represents the coefficient of determination obtained from 
the auxiliary regression. The null hypothesis was rejected if the LM value exceeded the critical value of the 

chi-square distribution 𝑋(𝛼;𝑞)
2 , indicating that the residuals contained ARCH effects and exhibited 

heteroskedasticity [24]. 
 
2.4 Model Generalized Autoregressive Conditional Heteroscedastic (GARCH) 

Autoregressive Conditional Heteroscedasticity (ARCH) is a method that was first introduced by Engle 
(1982) as a solution to heteroskedasticity problems. The ARCH model was subsequently extended into the 
Generalized ARCH (GARCH) model by Bollerslev, allowing the conditional variance (ℎ𝑡) to be influenced 
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not only by previous residual values but also by past variances. In general, the GARCH((p,q)) model can be 
expressed as shown in Equation (11) below [25]: 

𝒉𝒕 = 𝜶𝟎 +∑𝜶𝒊𝒂𝒕−𝒊
𝟐

𝒒

𝒊=𝟏

+∑𝜷𝒋𝒉𝒕−𝒋

𝒑

𝒋=𝟏

 (11) 

This equation indicates that the variance at period (t) is a function of the lagged squared residuals (the ARCH 
component) as well as the lagged variance itself (the GARCH component), thereby allowing greater flexibility 
in modeling time-varying volatility. 
 
2.5 Dynamic Conditional Correlation-GARCH 

The DCC-GARCH model was introduced by Engle (2002) to model dynamic correlations among 
variables within a multivariate system. The covariance matrix 𝑯𝑡 is decomposed into the conditional standard 
deviation matrix 𝑫𝑡 and the correlation matrix 𝑹𝒕, both of which are time-varying [1]. The dynamic conditional 
correlation matrix is formulated as shown in Equation (12) below: 

𝑹𝒕 = 𝑸𝒕
∗−𝟏𝑸𝒕𝑸𝒕

∗−𝟏 (12) 
where 𝑄𝑡

∗ denotes a diagonal matrix containing the square roots of the diagonal elements of (𝑄𝑡), in which 𝑄𝑡 
is a positive definite matrix representing the variance–covariance matrix of the conditional standard deviation 
matrix, as formulated in Equation (13) below: 

𝑸𝒕  = (𝟏 − 𝜶 − 𝜷) 𝑸 + 𝜶𝒛𝒕−𝟏𝒛𝒕−𝟏
𝑻 +  𝜷𝑸𝒕−𝟏 (13) 

 
2.6 Copula 

In general, copulas are classified into two primary groups, namely Archimedean Copulas and Elliptical 
Copulas. This study specifically employs the Elliptical Copula approach, which originates from multivariate 
elliptical distributions and is recognized for its ability to represent more complex dependence structures. There 
are two primary types of Elliptical Copulas, namely the Gaussian Copula and the t-Copula. 
The Gaussian Copula is defined based on the transformation of the multivariate normal distribution and is 
expressed in Equation (14). [26]: 

𝑪𝝆
𝑮𝒂 = 𝜱𝝆

𝒅(𝜱−𝟏(𝒖𝟏), . . . , 𝜱
−𝟏(𝒖𝒅)) (14) 

The t-Copula is derived from the multivariate t-distribution with degrees of freedom (v), which provides greater 
flexibility in capturing extreme dependence (tail dependence), and is expressed in Equation (15) [27]: 

𝑪𝝆
𝑮𝒂 = 𝜱𝝆

𝒅(𝜱−𝟏(𝒖𝟏), . . . , 𝜱
−𝟏(𝒖𝒅)) (15) 

 
2.7 Tail Dependence 

One of the important characteristics of the t-Copula is its symmetric property, which causes the 
dependence levels in the upper tail and lower tail to be equivalent. In other words, the probability of 
simultaneous extreme events occurring during both bullish and bearish market conditions possesses the same 
intensity. These dependence measures, known as upper tail dependence (𝜆𝑈) and lower tail dependence (𝜆𝐿), 
can be expressed mathematically as identical, as shown in Equation (16) [28]: 

𝝀𝑼 = 𝝀𝑳 = 𝟐𝒕𝒗+𝟏 (−
√𝒗 + 𝟏√𝟏 − 𝝆

√𝟏 + 𝝆
) (16) 

 

3. RESULT AND DISCUSSION 
3.1 Data Characteristics 
 The data utilized in this study consist of secondary daily closing prices of the Indonesia Composite Index 

(IHSG) and cryptocurrencies, namely Bitcoin (BTC) and Ethereum (ETH). The observation period in this study 

spans from January 1, 2022 to December 31, 2024. The data were collected from the website 

https://id.investing.com/. Daily closing prices of Bitcoin (BTC) and Ethereum (ETH), denominated in U.S. 

dollars (USD). To synchronize the stock market and cryptocurrency data, only common trading dates were 

retained, with cryptocurrency prices matched to the corresponding IHSG observations. Cryptocurrency 

observations on weekends and Indonesian stock market holidays were excluded from the analysis. The data 

were retrieved in February 2025. Graphically, the movements of the IHSG, BTC, and ETH are presented in 

Figure 1. 

 The visualization of the daily price movements of Bitcoin (BTC), Ethereum (ETH), and the Indonesia 

Composite Index (IHSG) during the period from January 1, 2022 to December 31, 2024, as presented in Figure 

1, reveals significant differences in the volatility characteristics of each asset. The IHSG exhibits a relatively 

stable price pattern with moderate fluctuations, whereas BTC and ETH demonstrate substantially more volatile 

and turbulent price movements, indicating the high volatility associated with cryptocurrency assets. Descriptive 

https://doi.org/10.30998/faktorexacta.v19i2.1585
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statistical analysis was also conducted on the closing price and log return data to understand the fundamental 

characteristics of the data employed in this study. 

 
(a)    (b) 

 
(c) 

Figure 1. Time Series Plot of Closing Prices: (a) IHSG, (b) BTC, and (c) ETH 

  

Table 1. Descriptive Statistics of Cryptocurrency and IHSG Closing Prices 

 IHSG BTC ETH 

Minimum 6.566.00 15.776.00 995.600 

𝑄1 6.839.78 24.648.48 1.641.81 

Median 7.009.68 35.249.50 2.046.54 

Mean 7.042.00 41.024.00 2.276.10 

𝑄3 7.219.48 59.093.77 2.958.76 

Maximum 7.905.00 106.139.00 4.065.00 

Standard Deviation 270.11 20.741.58 777.66 

 The information presented in Table 1 reinforces these observations. The IHSG exhibited a relatively 

narrow price range, fluctuating between 6,566 and 7,905, along with a low standard deviation of 270.11, 

indicating the relative stability of the domestic stock market. In contrast, BTC demonstrated an extremely wide 

price range, from 15,776 to 106,139, with a high standard deviation of 20,741.58. The interquartile range of 

BTC was also substantial, with the first quartile (Q1) at 24,648.48 and the third quartile (Q3) at 59,093.77, 

indicating extreme price variability. ETH exhibited similar characteristics, although at a lower magnitude than 

BTC, with prices ranging from 995.6 to 4,065 and a standard deviation of 777.66, indicating that ETH volatility 

remained significantly higher than that of the IHSG. 

 

                     (a)    (b)  

 

(c) 

Figure 2. Time Series Plot of Log Returns: (a) IHSG, (b) BTC, and (c) ETH 
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 The analysis of the daily log returns presented in Figure 2 reveals extreme fluctuation patterns in BTC 

and ETH, in contrast to the IHSG, which exhibits relatively stable return patterns. These findings indicate that 

cryptocurrency assets are substantially more sensitive to changes in market sentiment compared with the 

domestic stock market. The implications of these differences are important to consider in the formulation of 

portfolio diversification strategies, particularly within the context of risk management. 

Table 2. Descriptive Statistics of Cryptocurrency and IHSG Log Returns 

 IHSG BTC ETH 

Minimum -0.045155 -0.169947 -0.193045 

𝑄1 -0.004424 -0.013035 -0.019190 

Median 0.000427 -0.000752 0.000431 

Mean 0.000835 0.001061 0.000237 

𝑄3 0.005002 0.017061 0.020097 

Maximum 0.022170 0.112750 0.175400 

Standard Deviation 0.007575 0.031460 0.038974 

 Furthermore, the data presented in Table 2 confirm that the IHSG exhibits relatively stable return 

characteristics, with a minimum log return of −0.0452, a maximum of 0.0222, a mean of 0.0008, a median of 

0.0004, and a standard deviation of 0.0076. In contrast, BTC and ETH demonstrate substantially higher 

volatility levels, with standard deviations of 0.0315 and 0.0390, respectively. BTC recorded a minimum log 

return of −0.1699 and a maximum of 0.1128, while ETH exhibited a minimum log return of −0.1930 and a 

maximum of 0.1754, further reinforcing the evidence of the highly dynamic price movements within 

cryptocurrency markets compared with the stock market. 

3.2 ARIMA Modelling 
 Before conducting further analysis, the initial step involved testing the stationarity of the data using the 

Augmented Dickey-Fuller (ADF) method. Based on the test results presented in Table 3, all analyzed assets, 

namely the IHSG, Bitcoin (BTC), and Ethereum (ETH), with p-values below 0.01, while all calculated t-

statistics were lower than the critical ADF value at the 5% significance level (−2.86). These findings indicate 

that all log return series satisfied the stationarity requirement. 

Table 3. Augmented Dickey-Fuller (ADF) Test Results 
 t-statistic p-value 

IHSG -9.0287 <0.01 

BTC -8.8118 <0.01 
ETH -8.9185 <0.01 

 The ARIMA model identification process was conducted by examining the patterns in the 

Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots. However, model selection 

was not based solely on visual inspection but also considered the principle of parsimony to avoid the risk of 

overfitting. The candidate ARIMA models were specified by considering orders from the lowest order up to 

order 3 for each parameter. The model selection was conducted manually by evaluating the candidate 

specifications with and without an intercept. The final model was selected based on two criteria: all ARIMA 

parameters had to be statistically significant, and among the models satisfying this criterion, the model with 

the lowest AIC was selected. The residuals were assumed to follow a normal distribution during estimation. 

Based on the estimation results obtained using Maximum Likelihood Estimation, as presented in Table 4, the 

ARIMA(2,0,2) model without mean was selected for the IHSG, whereas the ARIMA(1,0,1) model without 

mean was employed for BTC and ETH. These three models were selected because all estimated parameters 

were statistically significant, with p-values below 0.05. 

Table 4. Estimation Results of the Best ARIMA Model 
Data Model 𝝓𝟏 𝝓𝟐 𝜽𝟏 𝜽𝟐 AIC 

IHSG ARIMA (2,0,2)  0.8302 -0.8707 -0.8880 0.9209 -5011.69 

BTC ARIMA (1,0,1)  0.8369 - -0.8556 - -2945.00 

ETH ARIMA (1,0,1)  0.7828 - -0.8161 - -2637.29 

where 𝜙 represent the AR model and 𝜃 represent the MA model. To evaluate the validity of the model, residual 

diagnostic testing was conducted to ensure that the white noise assumption was satisfied using the Ljung–Box 

test. In addition, residual normality testing was performed using the Kolmogorov–Smirnov approach. Based 
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on the results presented in Table 5, the calculated test statistic 𝜒𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐
2  was found to be smaller than the critical 

value 𝜒0,05,𝐾−𝑝−𝑞
2 , while the obtained p-values also exceeded the 5% significance level.  

Table 5. Ljung–Box Test Results for Cryptocurrency and IHSG 

Data Model Lag 𝝌𝒔𝒕𝒂𝒕𝒊𝒔𝒕𝒊𝒄
𝟐  p-value 𝝌(𝜶,𝑲−𝒑−𝒒)

𝟐  

IHSG ARIMA (2,0,2)  

12 9.176 0.3277 15.507 
24 20.122 0.4503 31.410 

36 27.686 0.6848 46.194 

48 35.590 0.8129 60.481 

BTC ARIMA (1,0,1)  

12 7.756 0.6527 18.307 
24 24.280 0.3328 33.924 

36 40.030 0.2201 48.602 

48 60.910 0.0694 62.830 

ETH ARIMA (1,0,1)  

12 13.974 0.1742 18.307 

24 29.225 0.1386 33.924 

36 49.752 0.0397 48.602 
48 74.350 0.0051 62.830 

 The IHSG and BTC models satisfied the white noise assumption across all tested lags. However, ETH 

exhibited significant residual autocorrelation at lags 36 and 48, suggesting that the ARIMA(1,0,1) model did 

not completely capture the temporal dependence structure 

Table 6. Normality Test Results for Cryptocurrency and IHSG 
 D-statistic p-value 

IHSG 0.041123 0.1733 
BTC 0.084372 <0.0001 

ETH 0.072759 0.0001 

 Furthermore, the residual normality test results presented in Table 6 indicate that the IHSG log return 

residuals followed a normal distribution, as evidenced by p-values exceeding the 0.05 significance threshold 

and a calculated D statistic of 0.041123, which was smaller than 𝐷0,05;723 (0.05057894), thereby satisfying the 

normality assumption. In contrast, the residuals of BTC and ETH did not satisfy the normality assumption, as 

their p-values were below 0.05 and the calculated D statistics exceeded 𝐷0,05;723, indicating deviations from 

normal distribution behaviour in both cryptocurrency assets. 

 

3.3 GARCH Modelling 
After obtaining the optimal ARIMA models for each asset, the subsequent step involved detecting 

heteroskedasticity symptoms in the residuals using the ARCH-LM test. Based on the results presented in Table 

7, the IHSG residuals exhibited ARCH effects, as indicated by the values of 𝜒ℎ𝑖𝑡𝑢𝑛𝑔
2  consistently exceeding 

𝜒(0.05,𝑞)
2  across lags 3 to 5, with p-values below 0.05. For BTC, indications of heteroskedasticity were observed 

only at lags 1 and 3 (𝜒𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐
2  > 𝜒(𝛼,0.05)

2 ) and p-value < 0.05), suggesting the presence of low-order ARCH 

effects. Meanwhile, ETH demonstrated significant results across all lags from 1 to 5, with 𝜒𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐
2  values 

exceeding 𝜒(𝛼,0.05)
2  and p-values below 0.05, indicating the presence of relatively strong heteroskedasticity 

within the data. 

Table 7. ARCH-LM Test Results 
 Lag 𝝌𝒔𝒕𝒂𝒕𝒊𝒔𝒕𝒊𝒄

𝟐  p-value 𝝌(𝜶,𝒒)
𝟐  

IHSG 

1 0.0401 0.8396 3.8415 
2 0.0476 0.9765 5.9915 

3 24.884 <0.0001 7.8147 

4 24.932 <0.0001 9.4877 
5 24.904 0.0002 11.0705 

BTC 

1 4.5569 0.0328 3.8415 

2 4.5603 0.1023 5.9915 
3 8.6342 0.0346 7.8147 

4 9.0445 0.0600 9.4877 

5 9.1025 0.1050 11.0705 

ETH 

1 47.417 <0.0001 3.8415 
2 47.631 <0.0001 5.9915 

3 50.651 <0.0001 7.8147 

4 52.290 <0.0001 9.4877 
5 52.565 <0.0001 11.0705 
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In response to these findings, conditional volatility modeling was conducted using the GARCH(1,1) 

approach. The GARCH model was estimated assuming Gaussian innovations for the error terms. The 

GARCH(1,1) model was selected for all three assets because it is a widely applied approach in financial 

literature for capturing volatility dynamics. This model is recognized as effective in representing the 

phenomenon of volatility clustering, namely the tendency for periods of high or low volatility to occur 

consecutively [29]. Furthermore, GARCH(1,1) provides a balance between simplicity and predictive 

capability, offering a parsimonious parameter structure while still being capable of comprehensively describing 

variance dynamics, in accordance with the principle of parsimony in statistical modeling. 

Table 8. Estimation Results of the GARCH(1,1) Model 
Estimated Model Parameter Estimation p-value 

IHSG GARCH(1,1) 

𝛼0 <0.0001 <0.0001 

𝛼1 0.0703 <0.0001 

𝛽1 0.8486 <0.0001 

BTC GARCH(1,1) 

𝛼0 <0.0001 0.0019 

𝛼1 0.0159 0.1336 

𝛽1 0.9739 <0.0001 

ETH GARCH(1,1) 
𝛼0 0.0002 0.1249 

𝛼1 0.0406 0.0010 

𝛽1 0.9493 <0.0001 

Furthermore, the parameter estimation results presented in Table 8 indicate that, for the IHSG, all 

parameters in the GARCH(1,1) model were statistically significant (p-value < 0.05), suggesting that both 

ARCH and GARCH effects contributed to the formation of IHSG volatility dynamics. For BTC, only the 

parameter 𝛽1 was statistically significant, indicating the dominance of the GARCH component or variance 

persistence within the model. Meanwhile, for ETH, both parameters 𝛼1 and 𝛽1 were statistically significant, 

indicating that the GARCH(1,1) model was able to adequately capture the volatility behavior of ETH. These 

findings are consistent with the results reported by Sharma (2021), which demonstrated the empirical 

superiority of the GARCH(1,1) model compared with nonlinear models such as E-GARCH and T-GARCH in 

terms of efficiency and accuracy in volatility modeling [30]. 

 

3.4 DCC-GARCH-Copula Estimation 
At the subsequent stage of this study, the DCC-GARCH-Copula model was estimated to evaluate the 

correlation dynamics and dependence structures among the analyzed asset pairs. The estimation procedure 

employed a two-stage Maximum Likelihood Estimation (MLE) approach, in which the first stage was 

conducted univariately to estimate the mean and conditional volatility parameters through the ARIMA-

GARCH model. After obtaining the univariate estimations, the model residuals were normalized into 

standardized residuals to eliminate scale effects and ensure the stability of the correlation estimation. 

Subsequently, the standardized residuals were transformed into a uniform distribution on the interval [0,1], in 

accordance with the requirements of the copula structure, which operates based on marginal distributions 

transformed into the uniform domain. The next stage involved estimating the copula parameters using MLE 

by maximizing the copula log-likelihood function with respect to its dependence parameters. The estimation 

process utilized the results of the previous transformations to obtain the optimal parameter 𝜽𝟐(𝛼, 𝛽). 

Table 9. DCC-GARCH-Copula IHSG-BTC, IHSG-ETH, dan BTC-ETH 
 Copula Parameter Estimate Standard Error t value p-value LL 

IHSG-

BTC 

Gaussian 
Copula 

𝛼   <0.0001     0.0001 <0.0001     0.9999 4010.977 
 𝛽   0.9263 0.2627 3.5265 0.0004 

t Copula 
𝛼   <0.0001     <0.0001     <0.0001     0.9999 

4014.066 

 
𝛽   0.9164 0.3335 2.7476 0.0060 

ν 12.5761 6.2104 2.0250 0.0429 

IHSG-
BTC 

Gaussian 

Copula 
𝛼   <0.0001     0.0002 <0.0001     0.9999 3886.279 

 𝛽   0.9151 0.1542 5.9361 <0.0001     

t Copula 
𝛼   <0.0001     0.0001 <0.0001     0.9999 

3889.083 

 
𝛽   0.8899 0.2253 3.9503 0.0001 

ν 11.6468 7.0014 1.6635 0.0462 

IHSG-

BTC 

Gaussian 

Copula 
𝛼   0.0167 0.0162 1.0303 0.3029 3317.055 

 𝛽   0.9824 0.0207 47.4495 <0.0001     

t Copula 
𝛼   0.0115 0.0088 1.3009 0.1933 

3326.338 
 

𝛽   0.9885 0.0124 79.4275 <0.0001     

ν 9.2733 2.3345 3.9722 0.0001 

The results presented in Table 9 demonstrate that the DCC-GARCH model with t-Copula exhibited 

superior performance compared with the Gaussian Copula across all analyzed asset pairs. For the IHSG-BTC 
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pair, the t-Copula log-likelihood value reached 4014.066, which was higher than the Gaussian Copula value of 

4010.977, with a degree of freedom parameter ν of 12.58 that was statistically significant at the 5% significance 

level. For the IHSG-ETH pair, the t-Copula again demonstrated superior performance with a log-likelihood 

value of 3889.083, exceeding the Gaussian Copula value of 3886.279, and a ν value of 11.65. Meanwhile, for 

the BTC-ETH pair, the performance difference was more pronounced, with the t-Copula log-likelihood value 

reaching 3326.338 compared with 3317.055 for the Gaussian Copula, along with a ν value of 9.27. These 

findings indicate that the t-Copula is more effective in capturing nonlinear dependence structures, particularly 

for the BTC-ETH pair, which exhibited the most significant extreme dependence among the three analyzed 

asset pairs.. 

 

3.5 Dynamic Conditional Correlation 
Based on the estimation results of the DCC-GARCH-t Copula model, the dynamic conditional 

correlation matrix 𝑹𝒕 was obtained. This matrix represents the linear relationship among assets throughout the 

observation period. The results indicate that the average value of 𝑹𝒕 between the IHSG and BTC was 0.032, 

while the average correlation between the IHSG and ETH was 0.054. These values suggest that the level of 

volatility interconnectedness between the IHSG and cryptocurrency assets was very low and relatively stable. 

This weak correlation is consistent with the DCC parameter estimates, in which the value of 𝛼 approached zero 

while 𝛽 remained dominant, indicating that new market shocks did not exert a significant influence on the 

correlation dynamics among these assets. 

In contrast, the BTC–ETH pair exhibited a conditional correlation pattern, visualized in Figure 3, with 

an average value of 0.839, indicating a very strong relationship in the volatility movements of the two 

cryptocurrency assets. This interconnectedness reflects similar responses to global market sentiment and 

comparable fundamental factors, causing both assets to frequently move in the same direction. Future research 

may consider incorporating domestic macroeconomic factors, such as interest rates and inflation, to better 

explain the dynamics of the Indonesian stock market and its relationship with cryptocurrency markets. 

 
Figure 3.  BTC-ETH Dynamic Correlation 

3.6 Tail Dependence 
The estimation results of the DCC-GARCH-t Copula model produced the degrees of freedom 

parameter (v) from the multivariate t-distribution, which was subsequently used as the basis for calculating the 

measure of extreme dependence among assets, commonly referred to as tail dependence. This measure reflects 

the probability that two assets experience simultaneous extreme movements, both during bullish and bearish 

market conditions within the t-Copula framework. 

Table 10 IHSG-BTC, IHSG-ETH, dan BTC-ETH Tail Dependence 
 (mean) 𝝆 𝒗 (mean) Tail Dependence 

IHSG-BTC 0.0324766 12.576183 0.0032346 

IHSG-ETH 0.0549898 11.646777 0.0052457 
BTC-ETH 0.8399439 9.273287 0.3798037 

Based on Table 10, the BTC–ETH asset pair exhibited the highest tail dependence value, namely 

0.3798. This value indicates a strong interconnectedness between the two cryptocurrency assets during extreme 

market conditions, implying that extreme price movements tend to occur simultaneously. In contrast, the tail 

dependence values for the IHSG–BTC and IHSG–ETH pairs were very low, specifically below 0.01, indicating 

an almost non-existent extreme relationship between the Indonesian stock market and cryptocurrency assets. 
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These findings reinforce the conclusion that extreme dependence is more prevalent among digital assets 

themselves, whereas the IHSG demonstrates relatively independent movement characteristics with respect to 

extreme fluctuations in cryptocurrency markets. Therefore, these results strengthen the argument that 

combining cross-asset classes, particularly domestic stock market assets and cryptocurrencies, may provide 

strategic potential for portfolio diversification in reducing systemic risk. 

 

4. Conclusion 

The analysis conducted in this study demonstrates that the volatility of Bitcoin (BTC) and Ethereum 

(ETH) is significantly higher than that of the Indonesia Composite Index (IHSG). This finding is reflected in 

the sharp price movements and large standard deviation values of cryptocurrencies, whereas the IHSG exhibits 

relatively stable characteristics as a representation of the domestic stock market. The estimation results 

obtained using the DCC-GARCH-Copula model confirm that the t-Copula outperforms the Gaussian Copula 

in capturing nonlinear dependence structures, particularly under extreme market conditions. This superiority 

is indicated by higher log-likelihood values and significant degrees of freedom parameters. The average 

dynamic correlations between IHSG-BTC and IHSG-ETH were recorded at 0.0325 and 0.0549, respectively, 

indicating weak relationships between the Indonesian stock market and cryptocurrency markets. In contrast, 

the correlation between BTC and ETH reached 0.8399, demonstrating a very strong relationship between the 

two digital assets. Furthermore, the tail dependence analysis indicates that extreme dependence was detected 

only in the BTC-ETH pair with a value of 0.3798, whereas the IHSG-BTC and IHSG-ETH pairs exhibited 

near-zero extreme dependence values. These findings suggest that systemic risk potential is considerably more 

dominant among cryptocurrency assets themselves than between cryptocurrencies and the domestic stock 

market. Overall, the findings imply that combining domestic stock market assets with cryptocurrencies may 

provide diversification benefits due to their relatively weak interdependence. Nevertheless, investors should 

carefully consider the substantial systemic risk associated with cryptocurrency markets, particularly during 

periods of extreme volatility. Future research may compare GARCH(1,1) with alternative volatility models, 

such as ARCH, EGARCH, GJR-GARCH, and APARCH, as well as alternative innovation distributions, to 

identify the most appropriate specification for modeling financial market volatility. 
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