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Abstract: This study analyzes the volatility spillover effects in the US stock market (S&P500) and
cryptocurrency market (BGCI) using intraday data during the COVID-19 pandemic. As the potential
drivers of portfolio diversification, we measure the asymmetric volatility transmission on both
markets. We apply MGARCH-BEKK and the algorithm-based GA2 M machine learning model. The
negative shocks to returns impact the S&P500 and the cryptocurrency market more than the positive
shocks on both markets. This study also indicates evidence of unidirectional cross-market asymmetric
volatility transmission from the cryptocurrency market to the S&P500 during the COVID-19 pandemic.
The research findings show the potential benefit of portfolio diversification between the S&P500
and BGCI.

Keywords: MGARCH-BEKK; GA2M; machine learning; volatility spillovers robustness; cryptocurrency

JEL Classification: C32; C58; C63

1. Introduction

The cryptocurrency market reshaped the traditional concepts of the financial markets.
Blockchain technology using computer science knowledge created a financial revolution,
impacting the financial markets from every perspective. It can be noticed that cryptocurren-
cies have received considerable attention from scholars, investors, and policymakers. As of
April 2021, the global market capitalization of cryptocurrency was approximately $1983
billion1. The cryptocurrency market is becoming widespread. The cryptocurrency market is
still new, despite this growth. It is therefore interesting to examine the relationship between
the stock market and the cryptocurrency market and analyze the spillover effects within
them. Scholars and industry practitioners have many debates about this topic. Symitsi
and Chalvatzis (2018) found unilateral volatility transmission from energy and technology
stocks to Bitcoin. Conrad et al. (2018) found that Bitcoin volatility is impacted by the
S&P500 volatility.

Our research is the first study that combines the machine learning approach and
the MGARCH-BEKK model to study the strength and linkage of volatility transmission
between the cryptocurrency and US stock markets. The current literature mainly focuses
on the application of the various GARCHs on the volatility transmission of the financial
markets (Wang and Ngene 2020; Ji et al. 2019; Mensi et al. 2019). There is little literature
applying the machine learning approach in finance research. Bertomeu et al. (2021) identify
and interpret the patterns present in ongoing accounting misstatements. They use an
algorithmic machine learning approach to address the importance of a wide set of variables
to detect material misstatements. However, there is a lack of research using machine
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learning in the study of volatility transmission. In our study, we use an advanced machine
learning method to conduct the robustness test in support of the empirical findings.

With the broader application of big data in industry and academia, machine learn-
ing has become an effective algorithmic technology in analyzing data and developing
automated applications. Machine learning is a learning process that is conducted in
an intelligent manner for the purpose of making comprehensive data-driven decisions.
Witten et al. (2005) point out that the data-driven systems are effectively boosted by ma-
chine learning algorithms in terms of classification analysis, regression, data clustering,
and dimensionality reduction. Machine learning algorithms can process and train a model
to learn the trends, and using that knowledge to make predictions or inferences from
real-world data. It is different from classical statistical methods in two ways. First, the
classical statistical methods mainly focus on inference to discover relationships between
the variables describing the effects of the model with no white noise (Bzdok et al. 2018). In
contrast, machine learning concentrates on prediction to find the future movement patterns
(Witten et al. 2005). Additionally, the algorithmic process is also helpful to capture the
complex relationships in a forecasting context. Secondly, machine learning algorithms can
deal with large and wide datasets at a fast pace. Classical statistical methods are useful for
datasets with fewer input variables and comparatively smaller sizes.

The algorithmic machine learning approach attracts the attention of scholars and
practitioners in finance (Warin and Stojkov 2021). However, there is a lack of research using
the generalized additive model (GAM) in finance (Hastie and Tibshirani 1987). Machine
learning models have a strong ability to learn the previous price movement patterns in both
short or long time periods and using the learned information to predict the future price
movements. In our study, we use the generalized additive 2 model (GA2M) to estimate
the impact power of one market on another one in line with the forecasting framework.
This model is intelligible and provides more accurate results when ranking the impact
features. The algorithm-based machine learning approach is accompanied with the study
of robustness. We evaluate the impact feature of the regression coefficients in the GA2M
machine learning model (Lou et al. 2012, 2013) in support of an investigation of the volatility
dynamics between the S&P500 and the Bloomberg Galaxy Crypto Index (BGCI).

Our research question is about whether there are intraday volatility interactions
between the crypto and the stock markets. To answer this question, we employ MGARCH-
BEKK (Engle and Kroner 1995) and a machine learning GA2M framework to investigate
volatility transmission between the BGCI and S&P500. Our intraday analysis addresses
the fundamental mechanism between the markets from the perspective of asymmetric
estimation of the volatility spillover. The intraday data is superior to the daily data in
studying the dynamic relationships of the cryptocurrency market (Wang and Ngene 2020),
because it helps us to find patterns in prices at shorter time intervals.

Several empirical studies analyzed the stock price movements across different stock
markets. Previous studies (Cardona et al. 2017; Bollerslev et al. 1988; Kroner and Ng 1998)
have shown how returns are related between stock markets and examine their influence on
pricing and trading strategies.

The global linkage of emerging markets allows for the information and shocks to flow
easily across the markets as demonstrated by Li and Majerowska (2008). The integration of
stock markets reduces the benefits of portfolio diversification.

We question how the volatility of the cryptocurrency market is affected by the stock
market. Symitsi and Chalvatzis (2018) pointed out that there is unilateral volatility from
stocks to Bitcoin to some extent. Market integration influences volatility in stock markets
and the risk of the assets. Therefore, it is important to analyze volatility and its transmission.
Shi et al. (2020) found that the price volatility of Ethereum, Ripple, Dash, Stellar, Bitcoin,
and Litecoin are related. Aslanidis et al. (2021) assessed market linkages across seventeen
major cryptocurrencies by employing the daily returns from August 2015 to July 2020
using principal component analysis and a vector autoregression framework. The results
suggested strong linkages between returns and volatility.
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There are some researchers who have tried to examine the volatility behavior and inter-
actions in cryptocurrency markets. Yousaf and Ali (2020) identified no significant volatility
spillover between cryptocurrencies during the pre-COVID-19 period but found bidirec-
tional volatility spillover during the COVID-19 pandemic using the DCC-GARCH model.
Canh et al. (2019) found substantial volatility interactions among the cryptocurrencies with
the DCC-GARCH model.

Bouri et al. (2018) found volatility spillover in the bitcoin market. Cardona et al. (2017)
found volatility spillover in North and South American stock markets using MGARCH-
BEKK models. Liu and Serletis (2019) found volatility spillover across cryptocurrencies
and financial markets in the United States, Germany, the United Kingdom and Japan.

The intraday analysis is better suitable for the cryptocurrency market. However,
previous researchers have focused on the daily volatility analysis instead of intraday
volatilities analysis. Using MGARCH-BEKK framework, Worthington and Higgs (2004)
found return spillovers in the major stock markets of Asia. Their study revealed weaker
cross-volatility spillover than the spillover from own markets.

Most of the studies have focused on stock markets to examine volatility relationships
but a few studies examine volatility dynamics across cryptocurrencies. There are a few
such studies on cryptocurrencies and equity markets during the recent period. This
paper tries to further the cryptocurrency literature in numerous ways. Firstly, it uses
a multivariate asymmetric GARCH model to examine the intraday asymmetric volatility
spillover. Secondly, it studies the most recent period, during the COVID-19 pandemic.
Thirdly, it uses high-frequency (hourly) intraday data to examine the linkage. Fourth, it is
the first study to apply a machine learning approach to the study of the return and volatility
transmission between the S&P500 and BGCI using the MGARCH-BEKK (1,1) model.

The remainder of this paper is structured as follows: Section 2 covers data and prelim-
inary examination. Section 3 discusses the methodology employed. Empirical analysis is
presented in Sections 4 and 5 offers a summary.

2. Preliminary Examination

This study utilizes the intraday hourly closing value of the Bloomberg Galaxy Crypto
Index and S&P500 from 1 June 2020 to 11 December 2020. The Bloomberg Galaxy Crypto
Index (BGCI) is a benchmark index for cryptocurrencies in the US. S&P500 is one of the
most commonly referenced equity indices. It tracks the performance of stock prices of the
500 largest companies.

Returns are measured as the difference between the natural logarithm of closing prices.
Figures 1 and 2 display the returns of the share price indices. They indicate volatility

clustering in the data.

Figure 1. Returns of S&P500.
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Figure 2. Returns of BGCI.

Table 1 summarizes the returns. The Jarque–Bera statistics suggest that the returns are
non-normal. Excess kurtosis suggests the returns are leptokurtic. Multivariate GARCH
(MGARCH) is a valid model to analyze volatility transmission (Li 2007) with the dataset.

Table 1. Summary Statistics.

Summary
Statistics Mean Std. Dev. Skewness Excess

Kurtosis
Jarque-

Bera Probability

RSP 0.0134 0.3066 −0.1568 0.8725 31.1151 0
RBGCI 0.0162 0.6207 −0.01491 1.3667 67.6623 0

Notes: The results of the summary statistics rely on the intraday one-hour data with 869 observations from 1 June
2020 to 11 December 2020. The data source is from the Bloomberg terminal.

3. Methodology

In accordance with the discussions of preliminary data analysis and the literature
review, we developed a framework consisting of the time series model and a machine
learning approach. Based on the earlier literature, we aimed to test the hypothesis that
there exists a bidirectional volatility transmission between the BGCI and S&P500. The
MGARCH-BEKK model (Engle and Kroner 1995) provides a convenient way to analyze the
cross-market spillover. The application of machine learning is a promising methodology
in asset pricing, corporate governance, international finance and accounting (Warin and
Stojkov 2021, etc.). We used the algorithm-based GA2M as an alternative model for the
robustness test. It helped to identify the importance of individual features to evaluate the
strength and linkages between the S&P500 and the BGCI. There is no existing research on
applying a machine learning GA2M model to the study of volatility transmission across the
financial markets. Our study is the first to implement it in support of the empirical findings.

3.1. MGARCH-BEKK Model

Volatility transmission is mainly examined by the MGARCH-VEC, DCC-GARCH, and
MGARCH-BEKK models (Bauwens et al. 2006). The MGARCH-VEC and DCC-GARCH
models have limitations. The MGARCH-VEC model requires estimation of several parame-
ters and a positive conditional variance matrix, while the DCC-GARCH model requires a
positive conditional correlation matrix. These models lack usefulness in analyzing cross-
market volatility spillover. We, therefore, employed the following MGARCH-BEKK model
developed by Engle and Kroner (1995) to overcome the above problems in analyzing the
volatility spillover:

Dt = A′A + V′e′t−1et V + W ′Dt−1W (1)

Kroner and Ng (1998) developed the BEKK model to examine the asymmetric volatility.

Dt = A′A + V′e′t−1et V + W ′Dt−1W + K′ f ′′t−1 ft−1K (2)
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The diagonal parameters of matrices V and W capture their own stock market’s shocks
and volatility, while the off-diagonal elements of the matrices assess volatility transmission
effects across the markets. The matrix K measures the asymmetric volatility response.

3.2. Generalized Additive Models (GAMs)

Lou et al. (2012) proposed a new method, presenting a large-scale empirical compari-
son of methods for traditional learning generalized additive models (GAMs)2. Lou, and
others, explained the different shape models that influence the additive model. In 2013,
Lou, Caruana, Gehrke and Hooker developed the GA2M model by adding selected terms
of interacting pairs of features to traditional GAMs. This new model was intelligible and
accurate for ranking all possible pairs of variables. We applied this new model to test the
interactions between the stock market and cryptocurrency market.

RSS =
n
∑

i=1

(
yi −Mkj(xi)

)2

=
n
∑

i=1
y2

i − 2 ∑
p

Mkj.pQt.p + ∑
p

(
Mkj.p

)2
Qw.p

(3)

In the above equation, {(xi, yi)}n
1 shows n size, where yi is the response variable and

xi = (xi1, . . . , xin) has n features. Mkj.p is the prediction value on region p and p ∈ {e, f , g, h}.
xi =

{
v1

i , . . . , vdi
i

}
is a sorted set of possible values for variable xi, where di = |dom(xi)|.

Qw(gk, gj
)
= [e, f , g, h] is the lookup table for sum of weight on cuts (gk, gj) and Qt(gk, gj

)
=

[e, f , g, h] is the lookup table for sum of targets on cuts (gk, gj). The cut points have the
lowest RSS that can replace the feature values to obtain the best Mkj, assigning weight as(

xk, xj
)
, to assess the strength of the interaction.

4. Empirical Analysis

In this study, we used a unit root test to test for nonstationarity. We examined volatility
spillover effects with the MGARCH model. Lastly, we conducted the robustness test using
the machine learning approach to examine volatility transmission among the S&P500 and
the cryptocurrency market.

4.1. Unit Root Test

We used the augmented Dickey–Fuller Test (ADF)3 to check for stationarity in the
data. The test is presented below.

∆rt = α + δrt−1 +
p

∑
i=1

βi∆rt−i + εt (4)

Here, r denotes the return series. Table 2 contains the results of the unit root test.

Table 2. Unit root test.

Stock Markets Return Series

SP −30.7039
BGCI 29.5112

Notes: critical values at 1%, 5% and 10%, are −3.441, −2.865 and −2.569 respectively.

The results reported in Table 2 show that the return series are stationary. Now, we
proceed to examine the volatility linkages.

4.2. MGARCH-BEKK Effects

The results of the MGARCH-BEKK are presented in Table 3. The stock indices of the
BGCI and S&P500 are indexed 1 and 2, respectively.
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Table 3. Asymmetric MGARCH.

S&P500 (i = 1) BGCI (i = 2)

vi1 0.224(0.00) −0.019(0.24)
vi2 −0.006(0.93) −0.170(0.00)
wi1 0.969(0.00) 0.003(0.43)
wi2 0.006(0.70) 0.972(0.00)
ki1 0.127(0.08) −0.056(0.00)
ki2 −0.031(0.79) 0.163(0.00)

Multivariate ARCH test (Lags = 12) 94.27(0.36)
Multivariate Q-test (Lags = 12) 24.91(0.97)

Notes: the probability values are presented in the parenthesis. The Coefficients v, w and k measure ARCH,
GARCH and asymmetric GARCH effects.

Multivariate ARCH and Q statistics tests suggested that the asymmetric BEKK model
is a suitable model. The study implements the fluctuations test proposed by Nyblom (1989).
This test is recommended for detecting possible changes in the parameters or structural
breaks when observations are obtained sequentially in time. The results of the test are
presented in Table 4.

Table 4. Results of the fluctuations test.

Test Statistic p-Value

Joint 3.451 0.22
1 0.327 0.11
2 0.110 0.52
3 0.202 0.25
4 0.308 0.13
5 0.389 0.08
6 0.248 0.19
7 0.034 0.96
8 0.024 0.99
9 0.221 0.22
10 0.188 0.28

Notes: the p-value is the measure of the significance of the statistics in the testing results. There are no significant
results shown by the test.

All the parameters reported in Table 4 are statistically insignificant, which suggests
that there is no structural break and that the estimated MGARCH-BEKK model is a
proper model.

The matrices V and W, shown in Table 3, refer to the volatility relationships between
the stock indices. The diagonal elements in matrix V and in matrix W measure the ARCH
and GARCH effects respectively. As shown in Table 3, the parameters v11 and v22 suggest
the existence of ARCH effects, while the statistically significant values of parameters w11
and w22 indicate the presence of a GARCH effect. The statistically significant own market
GARCH parameter implies their own volatility influences the conditional variance. The
negative ARCH parameter of the BGCI shows that greater past shocks in BGCI have had
less effect on its current volatility.

The statistically insignificant off-diagonal elements of matrix V and W indicate that
there are no shock and volatility transmissions between the markets. Own markets volatility
spillover, as measured by GARCH parameters, are statistically significant. The volatility is
more pronounced in the BGCI (0.972) than in the S&P500 (0.969). The current conditional
volatility of both indices depends on their own past volatility. It does not depend on past
volatility of the other index.

We detected evidence of asymmetric responses for S&P500 and BGCI, suggesting
that the negative news induced more volatility. There exists a moderate dictation of
asymmetric volatility transmission from the BGCI to the S&P500 implying that the good
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news in the crypto market causes more volatility in S&P500 than the bad news. The absence
of bidirectional shocks and volatility spillover suggests an absence of interdependence
between the markets. It implies that it is difficult to predict the volatility of one market
using information from the other market.

4.3. Robustness Test

We use the algorithm-based GA2M for the robustness test for both returns and volatil-
ity between the S&P500 and BGCI. Table 5 reflects the importance of the relationships
between the explanatory variables and the target variable in terms of the returns. In the
GA2M forecasting machine learning model, the importance of the explanatory variables
is ranked in terms of their contributions to explaining the target variable. Two financial
indexes, RSP and RBGCI, are constructed as the target variables in the GA2M forecast-
ing model separately. We observed that the S&P500 gained a negative power to explain
BGCI (−0.005) and that the BGCI also has a negative explanatory power to the S&P500
(−0.014). The most important explanatory feature is ranked at 100%. The least important
feature is ranked at 0. The results of Table 5 fall below 0 indicating that both indexes lack
connectedness from the perspective of returns.

Table 5. Feature importance on returns.

Target Variable

RSP RBGCI
RSP - −0.0050

RBGCI −0.0104 -
Notes: this table indicates the important feature in the context of the forecasting model. The target variable is
the dependent variable. The variables in the first column are expressed as the independent variables. A higher
number suggests a stronger explanatory power of the independent variables to the target variable.

Table 6 further identifies the connectedness in terms of volatility. The BGCI had a
stronger positive power in explaining the S&P500 (0.1773) than the S&P500 to explain the
BGCI (0.028), inferring that there is asymmetrical volatility transmission between the BGCI
and S&P500. Both markets contributed explanatory power in explaining the volatility
transmission to each other. Our results are robust to volatility transmission.

Table 6. Feature importance on volatility.

Target Variable

VSP VBGCI
VSP - 0.028

VBGCI 0.1773 -
Notes: this table indicates the important feature in the context of the forecasting model. The target variable is
the dependent variable. The variables in the first column are expressed as the independent variables. A higher
number in the table suggests a stronger explanatory power of the independent variables to the target variable.

5. Summary

This is the first study combining both a machine learning approach and a MGARCH-
BEKK to identify the volatility spillover and transmission across markets. We answered
our research question to find that there is insignificant volatility spillover across the stock
indices. The empirical findings provide the implication for practitioners and researchers in
portfolio diversification and policy study. More importantly, the study explores the applica-
tion of the new technology—GA2M in finance beyond the classical time series approaches.

The MGARCH-BEKK model found a lack of volatility spillover between the markets.
The MGARCH-BEKK results showed that the past shocks and volatility of own markets
have more influence on the recent volatility. The algorithm machine learning approach
confirmed that there was no positive impact power between the returns of S&P500 and the
BGCI. We detected the volatility spillover from the BGCI to the S&P500 is slightly higher
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than the transmission in the opposite direction. The study detected the unidirectional
low magnitude asymmetric responses spillover from the BGCI to S&P500. The analysis
demonstrated the evidence of asymmetric responses in both markets. The analysis suggests
that the past volatility of own markets has useful information in forecasting volatility. The
empirical results of GA2M show that our findings are robust.

Overall, we discovered a lack of interdependence in volatility, indicating a possible
portfolio diversification advantage for investors. Asset allocation or hedging will be useful
to portfolio managers. Our results also provide a theoretical framework for policymakers
when making regulations.
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