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Abstract 
As an emerging economic power, China has been a major driving force in global 

economic growth since the launch of its economic reforms in 1978. Ongoing 

“opening-up” reforms have propelled China to integrate into the global economy. 

Apart from its leading position in international trade, China is also a critical player 

in the global stock market. To better understand the role of China in the financial 

integration, this study attempts to empirically investigate the interactions between 

China and other major global economies in international stock markets. The 

thesis consists of three papers to examine the impact of turbulent events, bilateral 

trade, and policy uncertainty on China’s interaction with major global stock 

markets. 

 

The first paper investigates the impact of the US-China Trade War on co-

movements between US and Chinese stock markets. In particular, it examines 

the time-varying stock market co-movement between the United States and 

China at both market and sector level, during the period from 3rd January 2017 

to 23rd January 2020. An ‘event study’ analysis is employed to investigate the 

effect of US-China news reporting on trade disputes on co-movement dynamics. 

The structural breaks and spillover patterns of cross-market co-movements are 

identified during different phases. The results indicate that co-movements 

amongst mainland China, Hong Kong and US stock markets are positively 

affected by news releases and, after 6th July 2018, are enhanced significantly. 

More precisely, there is also empirical evidence of positive announcement effects 

in stock market co-movements between the US and mainland China in specific 

sectors (particularly, Industrials and Information Technology). For international 

investors, this evidence suggests that the US-China Trade War has reduced the 

benefit of portfolio diversification in managing risk. 

 

The second paper investigates stock market co-movement between China and 

its 12 trading partners in the Asia-Pacific region after the Global Financial Crisis. 

The Dynamic Conditional Correlation (DCC) - Mixed Data Sampling (MIDAS) 

model is adopted to extract short and long-run correlations. The author utilizes 
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the weekly conditional correlations to detect contagion and explores transmission 

mechanisms by regressing the monthly economic and financial variables on the 

monthly conditional correlations. The empirical results show that recent events 

(specifically, the Shanghai stock market crash, the US-China tariff war, and the 

COVID-19 pandemic) have increased the incidences of contagion across stock 

markets in China and its trading partners. Moreover, bilateral trade and market 

similarities are major drivers of stock market co-movements between China and 

developed partners, as well as between China and emerging partners. Apart from 

country-pair-specific factors, common factors (such as the Chinese illiquidity 

pressure) also affect the co-movements between Chinese and its partners' stock 

markets during the full period of the study, as well as during the periods of turmoil. 

The regression results for contagion episodes are mixed. On the one hand, stock 

market co-movements are not connected to most economic fundamentals, 

indicating pure contagion. On the other hand, differences in industrial production 

growth and market size affect stock market co-movements between China and 

its emerging partners. 

 

The third paper attempts to compare the impact of Chinese and US economic 

policy uncertainty (proxied by the EPU index) on the volatility of eleven major 

stock markets. Both daily and monthly data are utilized in this empirical research. 

The analyses comprise two perspectives: one considers the effects of EPU 

indices as exogenous shocks; the other examines spillovers from EPU indices as 

endogenous variables. The empirical results show that the impact of US EPU is 

reinforced at daily and monthly frequencies during the Global Financial Crisis 

(GFC), with European stock markets affected to a greater extent by the GFC. The 

rising influence of Chinese EPU after the GFC is observed at monthly frequency 

in several stock markets located in Asia and elsewhere. The dynamic pattern of 

spillovers from EPU indices to stock volatility suggests the dominant role of US 

EPU in most markets at daily frequency, and that the extent of spillovers is driven 

by turbulent events such as the financial crisis and the COVID-19 pandemic. 
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Chapter 1 Introduction 
 

The first two decades of the 21st century witnessed a series of changes worldwide. 

One of significant structural shifts in the global economy is that China surpassed 

Japan as the world’s second-largest economy in 2010. Prior to this, China has 

been seen as a new engine of global economic growth, expanding economic 

output and international trade over decades (Garnaut, 2012). It is well known that 

the end of the Cold War in the 1990s led to the US becoming the main Global 

superpower (Gowan, 1999). Thus, the rise of China leads to an argument that 

American economic hegemony may come to an end, perhaps signaling a dual or 

multi-polar world. This view is supported by the “economic miracle” in China, as 

well as by the deeper interactions between China and other countries during the 

process of China’s expansion. However, if we look at China during the last 

century, its economy was weak and relatively insular for quite a long time. The 

transformation of China is largely attributed to a series of economic and social 

reforms (Yang and Zhao, 2015). 

 

Those reforms were initiated at the third plenary meeting of the eleventh Central 

Committee of the Communist Party of China (CPC) in December,1978. Led by 

Deng Xiaoping, the reformists within the CPC decided to restructure the Chinese 

economy dominated by a system of central planning and state ownership. At that 

time, Chinese society was just recovering from the Cultural Revolution, and 

people also needed reforms that would lead to a better quality of living. 

Furthermore, the economic success of the “Four Asian Tigers”1 encouraged 

reformists and provided some insights on market-oriented economics. Affected 

by multiple factors, a turning point in China’s political environment occurred, and 

China began to explore the “socialist market economy”, also known as “reform 

and opening-up”. Garnaut (2018) contends that China’s “opening-up” integrated 

China into the global market economy when foreign trade, foreign direct 

 
1 Hong Kong, Singapore, South Korea, and Taiwan 
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investment (FDI), and cross-border technological cooperation become 

acceptable elements of national policy. 

 

Since 1978, China’s efforts to transform its economy from a planned to a market 

system and open it to the world, have been persistent. The pace of transformation 

was increased when China joined the World Trade Organization (WTO) in 

December, 2001. Obviously, China’s participation in WTO provided China with 

an opportunity to become the “factory of the world” and upgrade its 

industrialization (Nie et al., 2019). Chinese enterprises benefitted from this 

opportunity and thus largely boost the market economy in China. Over the third 

and fourth decades of the Reform Era (1998-2018), there was a five-fold increase 

in China’s economy and a twelve-fold expansion in its trade (Garnaut, 2018). 

Given that China accounted for less than 1% of global trade at the end of the 

1970s, the emergence of China from the periphery to become a global trade titan 

is noticeable (Nicita and Razo, 2021). As trade ties between China and other 

economies strengthen, China is gaining influence in the real economy during the 

process of globalization. 

 

China’s economic success has also attracted more international investors’ 

attention to its financial markets. Financial influence in global markets is another 

critical issue to assess the role played by a large economy. Among financial 

markets, stock markets are one of the most important ways for companies to 

raise funds. A well-functioning stock market facilitates the development of 

business entities, which in turn better serve economic operations and trading. 

Moreover, the stock market is a channel for a leading economy to exert financial 

influence on other economies, during the process of financial integration. For 

instance, crashes were observed in stock markets worldwide during the period of 

the Global Financial Crisis (GFC), triggered by a US subprime mortgage 

meltdown. Actually, as the primary superpower, the US has been key to the 

stability of the global financial system, and actively engaged in global financial 

integration since the last century. Many previous studies concentrate on US 

financial influence on international stock markets, particularly in the period of the 

GFC (e.g., Bekaert at al., 2014; Kim et al, 2015b; etc.). 
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Compared to the US, the People’s Republic of China was much later in 

developing its stock market.  In 1949, all securities trading was banned and stock 

exchanges were closed down, when the CPC came to power. Then, during the 

early stage of Chinese economic reforms, securities markets were re-opened, to 

serve the socialist market economy. Shanghai and Shenzhen Stock Exchanges 

were established on 26 November, 1990 and 1 December, 1990, respectively. 

Stock markets in mainland China were isolated and not even affected by the 1997 

Asian Financial Crisis (e.g., Wang and Firth, 2004; Huyghebaert and Wang, 2010; 

etc.). Owing to financial reforms, since the 2000’s China’s stock markets are 

increasingly integrated into the global financial system (Burdekin and Siklos, 

2012). There is also empirical evidence that Shanghai stock market was affected 

by shocks outside the country during the GFC (e.g., Dimitriou et al., 2013; Jin and 

An, 2016; etc.). In recent years, some scholars argue that China, as an emerging 

power, has affected the stability of international stock markets during its process 

of financial integration (e.g. Chow et al., 2017; Shu et al., 2018; etc.).  

 

Inspired by this argument, this study attempts to contribute to the extant literature 

by providing more insights on China’s integration into the global financial system. 

During this process, China gains financial influence when interacting with other 

economies in the global financial system. By analyzing shocks or factors which 

probably affect single stock market volatility and cross-market volatility linkage, 

the main objective of this study is to answer the critical question: in what ways, 

and to what extent, has China been integrated with international stock markets? 

More specifically, this question is associated with three aspects of the interactions 

between China and global major economies: (1) Whether recent turbulent events 

enhance stock market volatility linkages between China and other economies;  (2) 

Whether connections and similarities (especially trade ties) between China and 

other economies affect volatility linkages between Chinese and other major stock 

markets; And (3) Whether the economic policy uncertainty of China imposes 

pressures on international stock market volatilities. 

 

The thesis has two chapters of empirical studies on co-movements (i.e. volatility 

linkages) between Chinese and other economies’ stock markets, and one chapter 
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comparing the impact of Chinese and US policy uncertainty on major global stock 

markets.  

 

In Chapter 22, co-movements between stock markets in mainland China, Hong 

Kong and the US are investigated under the pressure of US-China trade disputes. 

Trump signed a memorandum on imposing China-specific tariffs in March, 2018. 

Subsequently, on 6th July, 2018, the US implemented the first extra tariffs on 

imported goods from China, officially triggering the US-China Trade War. Finally, 

the intensification of US-China tension was ended by the signing of the Phase 

One trade deal in January, 2020. Media actively reported the progress of trade 

disputes between these two countries. To investigate whether stock market co-

movement between China and the US are affected by those news reports, 

relevant headlines are manually identified and then employed in the “event study” 

analysis. Two phases of the US-China trade disputes are distinguished before 

and after the official start of the trade war in the empirical analysis. The impact of 

news announcements is investigated at both market and sectoral levels. 

 

Chapter 33 extends the scope of market selection and the range of sample period. 

Stock market co-movements between China and its 12 Asia-Pacific trading 

partners are examined. Twelve partners are classified into two categories, 

namely, “emerging market” and “developed market”. Unlike many previous 

studies on the GFC, this study concentrates on turbulent events in the post-GFC. 

The sample period is from the start of 2010 to the end of 2020, covering the 2015 

Shanghai stock market crash, the 2018 US-China trade war and the outbreak of 

the COVID-19 pandemic. The Dynamic Conditional Correlation (DCC)-Mixed 

Data Sampling (MIDAS) method is employed to extract short- and long-run 

components of time-varying correlations. Weekly pairwise correlations are 

utilized to detect the occurrence of contagion effects. Empirical results show that 

contagion incidence is mainly driven by turbulent events. Moreover, which factors 

influence stock market co-movement between China and other economies are 

 
2 This study has been published as a full-length paper in Research in International Business and 
Finance, Volume 58, December 2021, No.101477. 
3 This study has been published as a full-length paper in Pacific-Basin Finance Journal, Volume 
72, April 2022, No.101722.  
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also investigated. By regressing monthly pairwise correlations onto a set of 

explanatory variables, bilateral trade and market similarity are identified as the 

main drivers of stock market co-movement, while Chinese illiquidity pressure also 

affects interactions with the Chinese stock market. 

 

Chapter 4 considers the impact of economic policy uncertainty (proxied by the 

EPU index) in China and the US on stock market volatility in major economies. In 

the light of growing concern about the rise of China, it is intriguing to compare 

Chinese and US influence on major global stock markets. Some scholars have 

compared the magnitudes of spillovers from Chinese and US stock markets to 

other markets (e.g. Kim et al., 2015a; Shu et al., 2018; etc.). However, the 

transmission of shocks to equity prices cannot reflect whether the economic 

conditions of an influential economy affect other economies’ stock markets. This 

study provides a novel perspective to the comparison, that is, investigating the 

extent to which EPU in China and the US affects international stock markets’ 

volatility. In this study, daily and monthly data are used to detect short-term and 

long-term impacts. The empirical research consists of two parts: the effect of EPU 

index as exogenous shocks; and the spillovers from EPU index as endogenous 

variables. The whole sample is divided into three sub-samples, pre-GFC, GFC 

and post-GFC. The comparative analysis aims to answer two main questions: 

When does Chinese EPU (or US EPU) have a significant effect on stock volatility? 

and Which stock markets are more affected by Chinese EPU (or US EPU)? 

 

The rest of the thesis is set out as follows. Chapters 2 and 3 present the first and 

second empirical studies on stock market co-movement between China and other 

major economies in the context of recent crises. Chapter 4 compares China and 

the US in terms of the impacts of economic policy uncertainty on major stock 

markets. Conclusions are set out in Chapter 5. 
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Chapter 2 Does the US-China Trade War affect co-
movements between US and Chinese stock markets? 

 

2.1 Introduction 
 
Recent years have witnessed enormous changes in trading partnerships 

between the world’s two largest economies, the United States and China. Since 

2017, China has been accused of unfair trading practices and intellectual 

property theft by the Office of the US Trade Representative (the restart of ‘301’ 

investigation). The tensions between these two nations rapidly escalated when 

US President Trump signed a memorandum for a WTO case against China, 

restricted China’s investment in key technology sectors and imposed tariffs on 

Chinese goods on 22nd March, 2018. Later, on 6th July, 2018, the US Customs 

and Border Protection (CBP) implemented the first China-specific tariffs on 

imported goods, officially triggering the ‘US-China Trade War’4. Meanwhile, both 

sides engaged in thirteen rounds of back-and-forth negotiations since February, 

2018, and finally agreed on the Phase One Deal in Washington D.C. on 15th 

January, 2020, which was regarded as a tentative truce (Moosa et al., 2020). 

 

Major media in both countries followed the process of bargaining between the 

two countries and therefore news (both good and bad) was continuously 

disclosed to the public. In early 2018, social attention in China was increasingly 

directed to the trade war after the March US government official announcement 

of the imposition of specific tariffs on US$50 billion worth of Chinese goods. This 

attention reached a peak in July when those tariffs came into effect (see Figure 
2-1). Public concern about further escalation of these disputes might have 

influenced investments in Chinese stock markets, since investors are always risk-

averse and attempt to avoid negative market downturn by diversifying asset 

portfolios (Hasuike and Mehlawat, 2018). Moreover, although tariff measures, 

 
4 In this paper, we regard 6 July, 2018 as the formal start date of the US-China Trade War, 
following the timeline provided by China Briefing: https://www.china-briefing.com/news/the-us-
china-trade-war-a-timeline/ 
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imposed by both countries on each other, are directly aimed at rebuilding 

international trade, they indirectly affect the stock prices of both foreign and 

domestic firms in related sectors via global value chain (“Stock market responses 

triggered by the US-China trade war | VOX, CEPR Policy Portal,” n.d.).  

 
Figure 2-1 Baidu Index: Keyword = “Trade War” (in Chinese).  

Note. Baidu is the largest search engine in China and Baidu Index is a powerful keyword research tool in 
Chinese language. Search queries are normalized on a 0-100 scale. 

 
Furious arguments between the US and China also triggered hot debate among 

economists across the world. Although many scholars noted the economic effect 

of US-China trade conflict, the extant literature on the US-China Trade War is 

mostly analytical from the varying perspectives of history (e.g. Chong and Li, 

2019; Kwan, 2020; Urata, 2020), politics (e.g. Hur, 2018; Lukin, 2019) and 

business (e.g. Chen et al., 2020; Liu, 2018;  Plummer, 2019), without any 

quantitative evaluation of impacts. Some scholars have empirically investigated 

the economic effect of tariff measures through simulation analyses with various 

general (or partial) equilibrium models (e.g. Archana, 2020; Fusacchia, 2020; 

Itakura, 2020; Li et al., 2018).  

 

Several papers present empirical research related to the influence of recent trade 

wars on stock markets. From the micro-economic perspective, changes in trade 

policies can affect the value of listed firms (especially, those with exporting 

business) in real economy. Apparently, extra tariffs influence China (or the US)’s 
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foreign trades directly and the global supply chain indirectly. And the listed firms’ 

output, investment and productivity may be constrained under the US-China 

trade frictions. These constraints can be explained by existing trade theories on 

reduction of trade barriers (e.g. Baldwin and Forslid, 1999, Baldwin and Forslid, 

2000; etc.), Besides, arguments and negotiations between China and the US 

increase the uncertainty of trade policies, which also theoretically has a negative 

influence on firms’ export decisions (Handley and Limão, 2015). 

 

The most obvious antecedent of our work, however, are three papers. Huynh and 

Burggraf (2019) is the first study to examine the characteristics of co-movement 

in global stock markets before and after the start of the US-China trade war. They 

apply a set of different tri-variate Copulas onto stock market indices for several 

countries and find that co-movement among those markets are symmetric prior 

to the trade war but present downside characteristics and heavy tails during the 

trade war. The methods they choose cannot provide time-varying correlations 

between markets and therefore are unable to detect changes in co-movement 

caused by key-event news. Wang et al. (2021) evaluate cumulative abnormal 

returns of listed firms in Chinese stock markets to key events of the US-China 

Trade War in 2018-2019 and conduct cross-section regression over firm-level 

characteristics. Their empirical results show that firms with a higher export 

exposure to the US have stronger negative market reactions, especially among 

non-state firms. They employ the classical event study approach, commonly used 

when examining responses of stock returns at firm level, but not suitable for 

discussing the regularities of co-movement between markets. Fang et al. (2019), 

only published in Chinese, investigate the dynamic co-movement among Chinese 

stock, bond and foreign exchange markets over the period 2017 to mid-2018 and 

establish the event window for key events to observe changes in pairwise co-

movement. However, their findings only focus on order of time sequence and 

magnitude of spillover between different financial markets in mainland China, 

caused by the trade frictions, and fail to consider cross-border co-movement 

between US and Chinese financial markets.  

 

To examine the effect of recent US-China trade conflicts on the pattern of stock 

market co-movement from a different perspective, this paper investigates how 
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the progress of trade disputes and key-event news might affect the co-movement 

(i.e. volatility linkages) between US and Chinese stock markets. It can be 

observed, from changes in daily returns of stock market indices for mainland 

China, Hong Kong and US around 6 July, 2018, that there is a possible trend of 

enhanced co-movement following official news release (see Figure 2-2). Besides, 

widespread follow-up media reports provide an identifiable timeline of official 

announcements, making it feasible to detect any news effect in the US-China 

trade war. Moreover, in theory, the instantaneous variance of returns equals the 

variance of the information flow, indicating that news releases affect financial 

market volatility (Ross, 1989).  

 

Since changes in asset price volatility primarily occur through trading motivated 

by absorbing new information, the market response is related to the process of 

information arrival (Jones, 1994). This relationship has been explored in asset 

trading theories (e.g. Copeland, 1976). Relevant asset pricing theoretical studies 

on discontinuities in information flows (e.g. Huang, 1985) also agree with the 

strong associations among jumps in asset returns, changes in market volatility 

and the arrival of events, such as macro news releases (Rangel, 2011). Besides, 

information is an important element of the efficient market hypothesis. However, 

it is argued that stock market reaction to new information may not be fully and 

immediately reflected at the announcement date and lagged to the post-

announcement period (Fama, 1998). Furthermore, trading model is developed to 

investigate volatility linkages across financial markets due to common information 

and information spillover (e.g. Fleming et al., 1998). Previous empirical studies 

have confirmed the impact of macro news on stock market co-movement. Lahaye 

et al. (2011) relate the co-jumps extracted from asset returns to macroeconomic 

news and find that stock market co-movement is associated with macro 

announcements. There is also enough empirical evidence supporting the 

influence of macro news on the magnitude of cross-country volatility spillover (e.g. 

Allen et al., 2017; Jiang et al., 2012).  
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Figure 2-2 One-Trading-Week Event Window for Daily Indices Returns around 6 July, 
2018.  

Note. S&P 500 Index is a typical US stock market index, Hang Seng Index represents Hong Kong stock 
market and CSI 300 Index is for mainland China market. 
 

Specifically, we attempt to answer the following three major questions. First, do 

news announcements about US-China trade conflicts affect the co-movement 

between US and Chinese stock markets? From our review of previous studies, 

we note that Dynamic Conditional Correlation (DCC) models are often used to 

investigate time-varying characteristics of co-movement between stock markets 

(e.g. Ma et al., 2019; Mensi et al., 2016; Hwang et al., 2013; Zhang et al., 2013), 

especially the news announcement effect on volatility linkages (e.g. Belgacem et 

al., 2015; Eraslan, 2017; Janus, 2020). Compared to other multivariate GARCH 

models such as the full BEKK-GARCH model, DCC-GARCH model is more 

flexible in terms of the number of return series included (Mensi et al., 2016) and 

have computational advantages because the number of parameters to be 

estimated is independent of the number of series to be correlated (Engel, 2002). 

Therefore, we examine changes in stock market co-movements between US and 

China before and after news releases by applying 'event study' regression onto 

the time-varying conditional correlations, which are obtained by implementing the 

DCC-GARCH approach onto the return series. In this paper, we first investigate 

the volatility linkages between market indices representing the overall 

performance of stock markets in mainland China, Hong Kong and United States. 
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Next, we gain insights into sector indices derived from market indices for 

mainland China and United States to investigate stock market co-movement 

between these two countries, focusing on specific sectors.  

 

It is reasonable to question whether the co-movement between sector indices 

might be affected by the US-China trade conflict since the business environment 

of some companies listed in stock markets is changed by trade protectionism. 

One supporting fact is that the United States and China have close links for 

decades and bilateral trade between these two countries is obviously influenced 

by the recent trade disputes, and exposure to extra tariffs on targeted goods. The 

other supporting fact is that the US government has proposed restrictions on 

Chinese investment in the US, especially those related to the ‘Made in China 

2025’ plan (Chen et al., 2020). The ‘Made in China 2025’  is a strategic plan 

issued by the State Council of China in 2015, intended to facilitate China’s ten 

year industrial development plan to move from labour intensive manufacturing to 

knowledge intensive production.  

 

Secondly, we are curious about whether cross-market co-movement responds to 

news announcements differently before and after the official start of the US-China 

Trade War. The ‘event study’ regression in this paper is constructed to distinguish 

the news effect in two stages of US-China trade conflicts. Unlike some literature 

that only considers the change following announcements (e.g. Allen et al., 2017), 

a symmetric one-trading-week event window is established to observe 

regularities of evolvement in cross-market correlations before and after news 

releases. Finally, the third question is: What is the spillover pattern of volatility 

linkage between US and Chinese stock markets during different phases of the 

last three years? An attractive property of the Dynamic Conditional Correlation 

(DCC) methodology is that it can provide an explicit definition of volatility spillover 

within the model and its output may be used to capture the spillover effect over a 

period of time (Janus, 2020). We examine potential spillover5 during different 

 
5 We adopt the definition of volatility spillover based on dynamic conditional correlations as in 
previous studies (Hwang et al., 2013; Janus, 2020; etc), and thus the spillover effect is defined 
as a statistically significant increase in the absolute value of correlations between markets. In 
other words, negative correlations significantly decrease or positive correlations significantly 
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phases after detecting structural breaks in pairwise series of conditional 

correlations using the Bai-Perron test. This follows the practice of Hwang et al. 

(2013) who studied the development path of co-movement between the US and 

emerging stock markets during the Global Financial Crisis (GFC). 

 

The remainder of the paper is organized as follows: Section 2.2 and Section 2.3 

introduce the methodology and data respectively. In Section 2.4, empirical results 

are presented and discussed while Section 2.5 concludes with the main findings 

of this study. 

 

2.2 Methodology 
 
2.2.1 The ‘event study’ regression analysis 
 
To compare the news announcement effect before and after the escalation of 

US-China trade conflicts, we construct the ‘event study’ regression that 

distinguishes the announcement effect in two stages of US-China trade conflict, 

specifically, before and after the first-time official implementation of tariffs on 6th 

July, 2018 (see Eq. (1)). Since our analyses are mainly from the perspective of 

Chinese stock markets, the events are filtered by the criteria that they should be 

widely reported by the mainstream media in mainland China, People’s Daily6 or 

SINA Finance7 as headlines, including both ‘good news’ and ‘bad news’ from both 

sides (see Appendix). The regression below is based on the ‘event study’ 

regression analysis of Gourinchas and Obstfeld (2012) where they regress 

various kinds of dependent variables on the ‘event window’ dummies for four 

kinds of crises. 

 

                                      𝑦!,# = 𝑎! +	𝑏$,% ∙ 𝑑$,% + 𝑏&,% ∙ 𝑑&,% + 𝜖!,#                                    (1) 

 

 
increase, which can be captured by time dummies at the 5% significance level in an 
autoregressive model (explained elaborately in section Methodology). 
6 The People's Daily is the largest newspaper group in China and an official newspaper of the 
Central Committee of the Communist Party of China. 
7  SINA Finance, owned by SINA Corporation, is the most popular medium trusted by Chinese 
market participants. 
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The subscript 𝑖 of variable, 𝑦!,#  , refers to the market(s) and subscript 𝑡 to the 

period. The regression model is to estimate the conditional expectation of 𝑦!,# as 

a function of the temporal distance from the news at each stage, to a common 

‘tranquil times’ that are implicitly defined as the market(s)-day observations that 

do not fall into any news-event window. News announcements before 6th July, 

2018 are classified into group one (‘stage 1’) and the rest into group two (‘stage 

2’).  

 

In this paper, the interests of variables 𝑦, are mainly pairwise dynamic conditional 

correlations between stock market index returns at overall and sectoral levels, 

though we also look into the conditional volatility of two single market (specifically, 

mainland China stock market and Hong Kong stock market) before studying 

cross-market volatility linkages. In Equation (1), 𝑑$,% denotes a dummy variable 

equal to 1 when market 𝑖 is 𝑠 day away from a news of group one in period 𝑡 ;  

𝑑&,% denotes a dummy variable equal to 1 when market 𝑖 is 𝑠 day away from a 

news of group two in period 𝑡. In considering the limited horizon of our sample, 

which only covers three years, the short-window event study of 11 days (5 days 

before, 5 days after) is adopted in this study. Although there are no absolute rules 

for the window size,	[−5,5]	(one trading week pre- & post- event window) is a 

reasonable setting and commonly used in previous studies of announcement 

effects to allow for market adjustments on cumulative abnormal returns 

(Boubaker et al., 2015 ; Elad and Bongbee, 2016). 

 

The principle of identifying day0 (Beijing Time) is that we uniformly recognize  

announcements from the US and China reported by Chinese media. Situations 

can be summarized in three types: (1) The US government announcements (at 

8.00 – 17.00, Eastern Daylight Time, or EDT) are always released after close of 

securities transactions in China (China Standard Time, or CST) and then widely 

reported by Chinese media before stock markets open the next day. In this 

scenario, day0 is set as the next trading day of Chinese markets8; (2) Chinese 

official announcements are usually released during Chinese stock market trading 

 
8 For example, US and China signed the Phase One trade deal at the White House on 15 January, 
2020 by noon at local time (EDT) corresponding to the night (CST) in China and therefore day0 
for this piece of news is 16 January, 2020. 
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hours, following US actions announced in previous days (in local time). Day0 is 

regarded as the earliest date for news posted by Chinese media; (3) Apart from 

official announcements unveiled by both sides during the negotiation process, 

there is also news about implementation of additional tariffs. This kind of news is 

usually spread extensively from the morning of a pre-determined date (regarded 

as day0) before Chinese security markets open.9  

 

Regarding the specification of regression, it measures the conditional effect of 

news before/after the official start of the US-China Trade War on variable 𝑦 over 

the event window −5 ≤ 𝑠 ≤ +5 relative to ‘tranquil times’. Since the control group 

is common to the news at two stages, it allows us to measure and compare 

directly how the news effect evolves differently during the escalation of US-China 

trade conflicts. Moreover, in this specification, repeated news at each stage is 

easily handled. If an observation is five days after the first news event and one 

day before the next news event at the same stage, we don’t consider whether 

recurrent episodes are part of a single larger news event or an extended event-

window to encompass different news manifestations. As the formula above 

clearly illustrates, our implicit assumption is that there are no interaction effects. 

 
2.2.2 The estimation of conditional volatility and dynamic 
conditional correlation 
 
To estimate time-varying co-movement (i.e. volatility linkages) between markets, 

we employ the Dynamic Conditional Correlation (DCC)-GARCH (1,1) method. 

Initially, Bollerslev (1986) proposes the standard Generalized Autoregressive 

Conditional Heteroscedastic (GARCH) model in which the conditional variance is 

related linearly to the lagged squared residual value from the mean equation and 

the lagged conditional variance. Later, Glosten et al. (1993) incorporate an 

asymmetric effect (leverage effect) into the GARCH model and introduce the 

GJR-GARCH model in which negative shocks have a larger impact on volatility 

 
9 For example, it was presupposed earlier that the first implementation of tariffs on Chinese goods 
would come into force from 00:01 (EDT) on 6 July, 2018, corresponding to the 12:01 noon (CST) 
and therefore Chinese media triggered intense discussions from the morning of that day before 
the noon. 
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forecasting10. Previous studies show that GARCH models perform better than the 

ARCH model introduced by Engle (1982) in fitting dynamic volatility (Poon and 

Granger, 2003). And in many situations, the GARCH (1,1) is adequate and good 

enough to generate conditional volatilities (Hansen and Lunde, 2005). 

 

Based on the conditional volatility, Engle (2002) first constructs the DCC method 

and finds the DCC model provides a good approximation to a variety of time-

varying correlation processes. Let 𝑟# = [𝑟$,# , … , 𝑟',#]( be a 𝑘	 × 	1 vector containing 

the market index returns. We specify its mean equation as follows. 

 

                                    𝑟# = 	𝜇# +	𝜀# , 𝜀#~𝑁(0, 𝐻#), ∀	𝑡 = 1,… , 𝑇                                (2) 

 

where 𝜇# =	 [𝜇$,# , … , 𝜇',#](  is  the conditional mean which includes ARMA(1,1) 

terms of 𝑟#  plus a constant, demeaning return series to better satisfy the 

assumption that 𝑖. 𝑖. 𝑑 residuals have a zero mean (Zhang et al., 2013).  𝜀# =

	[𝜀$,# , … , 𝜀',#](  is a vector of index return residuals that has the conditional 

variance-covariance matrix below. 

 

                                                       𝐻# ≡	𝐷#𝑃#𝐷#                                                        (3) 

 

where 𝐷# ≡ 𝑑𝑖𝑎𝑔{𝜎!!,#}  is a 𝑘	 × 	𝑘  diagonal matrix of conditional standard 

deviations for stock index return series obtained from a univariate GARCH model 

and 𝑃# is a conditional correlation matrix. And the residuals are assumed to follow 

the multivariate normal distribution in the DCC model. 

 

The two-step procedure of Engle (2002) is followed to estimate conditional 

standard deviations and correlations. In the first step, the conditional standard 

deviations in 𝐷# can be obtained from such a univariate GARCH(1,1) model: 

 

                          𝜎!,#& =	𝜔! +	𝛼! ∙ 𝜀!,#)$& +	𝛽! ∙ 𝜎!,#)$&,							∀	𝑖 = 1,… , 𝑘                   (4) 

 
10 Note. In this paper, when discussing the conditional volatility of a single Chinese stock market, 
whether or not to consider the leverage effect depends on the Likelihood-ratio test. But the 
standard GARCH model is applied onto all series of index returns when computing the dynamic 
conditional correlation. 
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The second step is to standardise the residuals as 𝜀!,#∗ =  𝜀!,#/𝜎!!,#  using the 

estimated conditional standard deviations from the first step, and also adjust the 

constant conditional correlations to capture the time-varying conditional 

correlations using the following multivariate GARCH model as in Bollerslev (1990) 

(see Eq. (5) and (6)). 

 

                               𝑄# = (1 − 𝑎+ − 𝑏+)𝑆 +	𝑎+ ∙ 𝜀#)$∗ 𝜀#)$∗ ( +	𝑏+ ∙ 𝑄#)$							                (5) 

And 

                                                  𝑃# =	𝑄#
∗)$/&𝑄#𝑄#

∗)$/&                                                      (6) 

 

where 𝑄# ≡ {𝑞!-,#}  is the 𝑘	 × 	𝑘  conditional variance-covariance matrix of 

standardized residuals; 𝑆 = 	Ε[𝜀#∗𝜀#∗
(] is unconditional variance-covariance matrix 

of standardized residuals; 𝑎+  and 𝑏+  are non-negative scalar parameters that 

satisfy 𝑎+ + 𝑏+ 	< 1 ; and 𝑄#∗ = 𝑑𝑖𝑎𝑔	{𝑞!!,#}  is a 𝑘	 × 	𝑘  diagonal matrix with the 

square root of the diagonal elements of 𝑄# , implying that the elements of 

conditional correlation matrix 𝑃# has elements 𝜌!-,# =	𝑞!-,#/T𝑞!!,# ∙ 𝑞--,#.  

 

Compared to the multivariate GARCH models involving correlation estimators, 

previous studies confirm several advantages of the DCC model, including the 

ability to detect changes in conditional correlations stemming from market 

innovation without adding too many parameters (Engle, 2002); the continuous 

adjustment of correlation for time-varying volatility to avoid bias arising from 

volatility (Celık, 2012); and the correlation estimation from standardized residuals 

that directly account for heteroskedasticity (Chiang et al., 2007).  

 
2.2.3 The examination of structural break and spillover 
 

Finally, we look into the structural breaks of a series of DCCs by applying the Bai-

Perron test onto pairwise DCCs. The primary benefit of this test is that it selects 

breakpoints endogenously. The general format of the equation is a linear date-

generating process (DGP) that exhibits 𝐵	 ≥ 	0 true breaks in coefficients, such 

that 



 17 

 

                    	𝑦# =	𝑥#(𝛽! +	𝑢#												𝑖 = 1,… , 𝐵 + 1							𝑡 = 𝑇!)$ + 1,… , 𝑇! 	               (7) 

 

where 𝑇. = 0	and	𝑇/0$ = 𝑇, for a total sample of size 𝑇. In Equation (7),  𝑦# is a 

dependent variable, while 𝑥#  is a 𝑝 × 1  vector of exogenous explanatory 

variables that includes the constant term and the autoregressive terms. 𝛽! is the 

corresponding vector of regime-dependent coefficients for 𝑖 = 1,… , 𝐵 + 1 and 𝑢# 

is the error term. 

 

Bai and Perron (1998) first propose a method to estimate the number of breaks 

based on the sequential application of tests for parameter change. The strategy 

is to apply tests for 𝑚 + 1 breaks against the null hypothesis of 𝑚 breaks, for 𝑚 =

0,1, … ,𝑀 − 1, where 𝑀 is the maximum number of breaks considered. Increase 

𝑚 in tests and stop when the null hypothesis is not rejected for this 𝑚 = �̀� at a 

specified significance level. For 𝑚 breaks, the optimal break dates are obtained 

by the global minimum of the residual sum of squares below (see Eq.(8)).  

 

                               a𝑇b$, … , 𝑇b𝒎c = arg 𝑚𝑖𝑛
𝑇$, … , 𝑇2

	 𝑆3(𝑇b$, … , 𝑇b𝒎	; 	𝛽g({𝑇!}!4$2 ))              (8) 

 

And then for the alternative of 𝑚 + 1 breaks, use the following sequential test 

statistic to determine whether the insertion of one additional break date 

significantly decreases the residual sum of squares.  

 

𝐹!(𝑚 + 1|𝑚)=𝜎*"# +𝑆!-𝑇/$, … , 𝑇/𝒎2 −
𝑚𝑖𝑛

1 ≤ 𝑖 ≤ 𝑚 + 1
𝑖𝑛𝑓
𝜁 ∈ ∆&

𝑆!-𝑇/$, … , 𝑇/𝒊"𝟏, 𝜁, 𝑇/& , … , 𝑇/𝒎2;          (9) 

 

where �̀�& is a consistent estimator of the disturbance variance and ∆! is the set 

of all partitions within the 𝑖_𝑡ℎ regime defined by a𝑇b$, … , 𝑇b𝒎c. 

 

Later, Bai (2000) proves that the information criterion approach can be applied in 

the context of a structural break. However, Bai and Perron (2003) find that BIC 

criterion performs poorly when there are no breaks, while the LWZ fails to detect 

breaks when these are present. Therefore, according to their results of testing 
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procedures, they recommend the use of sequential testing for structural break 

detection. In this current study, we realize the Bai-Perron sequential testing in 

Eviews with the default setting that maximum breaks is 5, with 15% trimming 

percentage and  0.05 significance level. 

 

After obtaining the identified structural break dates, following the approach used 

by Hwang et al. (2013), we explore the detected structural breakpoints of DCCs 

by investigating spillover effects during different phases of crisis and construct a 

univariate autoregressive model: 

 

                            𝜌!-,# = 𝑐 +	𝜑.𝜌!-,#)$ +	∑ 𝜑5𝑑5
6
54$ +	𝑣!-,# , 		𝑣!-,#	~	𝑖. 𝑖. 𝑁            (10) 

 

where the dependent variable is the conditional correlation series between two 

markets, 𝑑5 is a dummy variable for the 𝑛_𝑡ℎ break. Each dummy variable takes 

the value of 1 for the time period starting on the day of a break point and ending 

a day before the next identified point occurs. 

 

2.3 Data 
 
In this study, daily closing prices of the China Securities Index 300 Index (CSI 

300 Index), the Hang Seng Index (HSI), the S&P 500 Index, CSI 300 Sector 

Indices and S&P 500 Sector Indices are used to represent relevant stock markets. 

All data are obtained from the CSMAR and Investing.com database. There are 

two stock markets in mainland China, one located in Shanghai and the other in 

Shenzhen. The CSI 300 Index is a capitalization-weighted stock market index 

designed to replicate the top 300 stocks traded on the Shanghai Stock Exchange 

and on the Shenzhen Stock Exchange. We use this index to represent mainland 

China stock markets rather than the SSE Composite Index for just the Shanghai 

Stock Exchange, while Hong Kong and US stock markets are reflected by the 

Hang Seng and S&P 500 Indexes, respectively. Furthermore, we also explore 

CSI 300 Sector Indices and S&P 500 Sector Indices. As the sub-index of CSI 300 

Index, CSI 300 Sector Index covers 10 categories, i.e. Communication Services, 

Consumer Discretionary, Consumer Staples, Energy, Financials & Real Estate, 

Healthcare, Industrials, Information Technology, Materials and Utility. By 
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comparison, 11 sub-indices are derived from the S&P 500 Index. Along with the 

same classifications for nine sectors, the category of Financials & Real Estate is 

replaced by two independent categories, S&P 500 Financials and S&P 500 Real 

Estate.  

 

A separate comparison of CSI 300 Financials & Real Estate Index with S&P 500 

Financials Index and S&P 500 Real Estate Index is biased. Moreover, the utility 

sector is not considered to be influenced by the US-China trade wars (e.g. “US-

China trade war: which sectors are most vulnerable in the global value chain? - 

RaboResearch,” n.d.). Therefore, the Financial, Real Estate and Utility sectors 

are excluded from our following analyses. To understand the effect of the US-

China trade war on co-movement between corresponding sectors in mainland 

China and US stock markets, this paper considers eight pairs of sub-indices in 

the following sectors: Communication Services, Consumer Discretionary, 

Consumer Staples, Energy, Healthcare, Industrials, Information Technology, and 

Materials.  

 

Daily indices prices are adopted in this study because compared to weekly and 

monthly data, daily data can capture more information (Li and Giles, 2015). The 

sample period is from 3rd January, 2017 to 23rd January, 202011, covering the 

entire intense period of US-China trade wars prior to the signing of the Phase 

One trade deal. Evidence from existing literature indicates that the 2015 

Shanghai Stock Exchange Crash caused a long-lasting effect on volatility 

spillover from China to Hong Kong and US stock markets until the end of 2016 

(e.g. Qarni and Gulzar, 2018). Therefore, we chose the daily observations from 

the beginning of 2017 to avoid the remaining effect of the crash. As a common 

practice, market returns are calculated as the first difference of the natural 

logarithm of closing prices denominated in local currency over two consecutive 

trading days. In order to take advantage of all the available points in time and 

avoid spurious correlations between markets, all the common holidays are 

excluded and the returns corresponding to non-common holidays are replaced 

 
11 Note. The stock markets in mainland China were closed for the rest of January from 24 January, 
2020 due to the Spring Festival. 
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by zero when estimating the Dynamic Conditional Correlations (Aloui and HKiri, 

2014; Ma et al., 2019). 

 

Figure 2-3 illustrates the graphical representation of closing price indices for 

mainland China, Hong Kong and US stock markets. During the period of the 

sample, mainland China and Hong Kong stock markets evolve in a similar pattern 

while a larger increase in the S&P 500 index was witnessed in 2019. The major 

reason behind the boom of the S&P 500 is that the Federal Reserve lowered 

interest rates three times in 2019, largely boosting the stock market (“The stock 

market boomed in 2019. Here’s how it happened,” n.d.). 

 

 
Figure 2-3 Stock Market Index Price 03/01/2017-23/01/2020. 
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The descriptive statistics of the daily returns of CSI 300, Hang Seng and S&P 

500 Indices are shown in Table 2-1. Distributions of returns for all three indices 

have a negative skewness, meaning that stocks have more weight in the left tail 

of the return distribution. The augmented Dickey–Fuller (ADF) statistic rejects the 

null hypothesis of unit root at the 1% significance level, indicating that each return 

series is stationary. This stationarity enables us to work on the time series directly 

without any further transformation. Engle's (1982) ARCH test, performed using a 

𝜒2 statistic, shows the strong rejection for each return series, suggesting the 

existence of heteroskedasticity and the preference for GARCH models. 

 

Table 2-1 Descriptive Statistics of Stock Market Indices Returns. 
 CSI 300 Index Hang Seng Index S&P500 Index 

Mean (*100) 0.02547 0. 03151 0. 05145 

Min. -0.06019 -0.05252 -0.04184 

Max. 0.05778 0.04125 0.04840 

SD 0.01128 0.01014 0.00802 

Skewness -0.19794 -0.38255 -0.71714 

Kurtosis 3.53277 1.75904 5.50245 

JB stat. 397.22*** 117.23*** 1044.10*** 

ADF stat. -27.6*** -27.2*** -28.7*** 

ARCH stat. 747.9*** 479.4*** 637.5*** 

Note. The sample period is from January 3, 2017 to January 23, 2020. The JB statistic tests for the null 
hypothesis of normal distribution. The ADF statistic tests for the null hypothesis of a unit root in time series. 
The ARCH test is performed using chi-square statistics, with the null hypothesis of homoskedasticity. 
Asterisks denote rejection of the null hypothesis at *10%, **5%, and ***1% significance levels. 
 

Table 2-2A and Table 2-2B summarize the descriptive statistics of selected 

sector indices derived from the CSI 300 Index and the S&P 500 Index 

respectively. The sectors favoured by investors in the US and mainland China 

are different. In mainland China stock markets, Consumer Staples is the sector 

that earns the highest mean of returns while the Energy sector picks the lowest 

average returns (see Table 2-2A). The S&P 500 Energy Index also shows a 

negative mean of returns, while the Information Technology sector has the 

highest average returns over the full sample period (see Table 2-2B). The 

distribution of returns for all eight sectors in both countries rejects the null 
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hypothesis of the ADF statistic and ARCH test at the 1% significance level, ready 

for the DCC-GARCH model. 

 

Table 2-2A Descriptive Statistics of Sector Indices Returns (Sub-Index of CSI 300 Index). 
 CO CD CS EN HE IN IT MA 

Mean (*100) 0.0107 0.0270 0.1157 -0.0241 0.0448 -0.0186 0.0438 0.0035 

Min. -0.1027 -0.0632 -0.0902 -0.0561 -0.0577 -0.0654 -0.0858 -0.0582 

Max. 0.0712 0.0452 0.0604 0.0484 0.0515 0.0513 0.0670 0.0592 

SD 0.0191 0.0134 0.0170 0.0115 0.0147 0.0113 0.0177 0.0133 

Skewness -0.3785 -0.2037 -0.0194 -0.4067 -0.1727 -0.2831 -0.0643 -0.2822 

Kurtosis 3.4038 1.8348 1.9796 3.4014 1.2742 3.8765 1.8072 2.3636 

JB stat. 381.7*** 111.3*** 123.5*** 383.9*** 55.1*** 481.6*** 103.5*** 185.7*** 

ADF stat. -26.8*** -27.3*** -27.2*** -26.8*** -26.6*** -27.4*** -27.1*** -26.2*** 

ARCH stat. 697.6*** 488.2*** 504.8*** 623.2*** 351.7*** 824.3*** 472.6*** 583.6*** 

Note. ‘CO’ denotes Communication Services, ‘CD’-Consumer Discretionary, ‘CS’-Consumer Staples, 
‘EN’-Energy, ‘HE’-Healthcare, ‘IN’-Industrials, ‘IT’-Information Technology, ‘MA’-Materials. The 
sample period is from January 3, 2017 to January 23, 2020. The JB statistic tests for the null hypothesis of 
normal distribution. The ADF statistic tests for the null hypothesis of a unit root in time series. The ARCH 
statistic tests for the  null hypothesis of homoskedasticity. Asterisks denote rejection of the null hypothesis 
at *10%, **5%, and ***1% significance levels. 
 
Table 2-2B Descriptive Statistics of Sector Indices Returns (Sub-Index of SP 500 Index). 

 CO CD CS EN HE IN IT MA 

Mean (*100) 0.0098 0.0570 0.0276 -0.0316 0.0547 0.0357 0.0982 0.0248 

Min. -0.0500 -0.0410 -0.0380 -0.0445 -0.0466 -0.0456 -0.0520 -0.0363 

Max. 0.0525 0.0609 0.0280 0.0606 0.0444 0.0469 0.0587 0.0452 

SD 0.0110 0.0095 0.0071 0.0117 0.0086 0.0095 0.0116 0.0098 

Skewness -0.2758 -0.3409 -0.6800 -0.2540 -0.6363 -0.7223 -0.6007 -0.2209 

Kurtosis 2.9450 4.8170 2.7883 1.7198 3.6737 3.3161 3.4832 1.7759 

JB stat. 290.6*** 764.8*** 311.3*** 104.4*** 488.6*** 423.0*** 438.9*** 108.8*** 

ADF stat. -27.8*** -28.7*** -27.1*** -27.5*** -26.9*** -27.6*** -29.6*** -27.9*** 

ARCH stat. 676.5*** 587.1*** 468.3*** 401.9*** 592.5*** 614.5*** 516.0*** 369.2*** 

Note. ‘CO’ denotes Communication Services, ‘CD’-Consumer Discretionary, ‘CS’-Consumer Staples, 
‘EN’-Energy, ‘HE’-Healthcare, ‘IN’-Industrials, ‘IT’-Information Technology, ‘MA’-Materials. The 
sample period is from January 3, 2017 to January 23, 2020. The JB statistic tests for the null hypothesis of 
normal distribution. The ADF statistic tests for the null hypothesis of a unit root in time series. The ARCH 
statistic tests for the  null hypothesis of homoskedasticity.  Asterisks denote rejection of the null hypothesis 
at *10%, **5%, and ***1% significance levels. 
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2.4 Empirical Results 
 
2.4.1 The event window for conditional volatility of a single market 
 
Before discussing the volatility linkages between markets, we look at mainland 

China and Hong Kong stock markets, respectively. Since we filter trade war news 

from the perspective of Chinese investors, the response of Chinese markets in 

terms of volatility are intriguing. Below, the figures12 demonstrate the ‘event study’ 

regression results of their conditional volatilities13. The levels relative to “tranquil 

times” are reported on the vertical axis. The horizontal axes represent the number 

of days before (negative sign) and after (positive sign) a news announcement in 

a given stage.  

 
Figure 2-4 Empirical Regularities during the Event Window of News: Conditional 
Volatility of Mainland China Stock Market. 

 

 
12 Note. The dashed lines denote a 95 percent confidence interval for each conditional mean. The 
peak of each event window is marked by ‘circle’.  
13 According to the likelihood-ratio test results, Hang Seng Index is better fitted by the GJR-
GARCH (1,1) model while the standard GARCH (1,1) model is more suitable for CSI 300 Index.  
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Figure 2-5 Empirical Regularities during the Event Window of News: Conditional 
Volatility of Hong Kong Stock Market. 

Figure 2-4 & Figure 2-5 above, show that all solid lines fluctuate above the 

horizon of zero, indicating that mainland China and Hong Kong stock markets are 

more volatile than the ‘tranquil times’ in the entire event window at both stages. 

It is observed that the mainland China stock market responds to the news one 

day after at both stages, with the level of conditional volatility reaching its peak 

(highlighted by built-in markers) and remaining at a higher magnitude in the post-

event window. By comparison, the Hong Kong stock market also reacts to news 

announcements one day after in Stage 1 but responds with subtle fluctuations 

during the ‘Stage 2’ event window. Moreover, the overall magnitude of conditional 

volatility relative to the common baseline changes after entering the second stage. 

Specifically, comparing the solid lines under the 11-days event window at 

different stages for each market, at Stage 2, mainland China stock markets 

experience an increase in the relative-to-tranquil level of volatility while the Hong 

Kong stock market witnesses a decrease. These observations imply that the 

release of news usually stimulates the volatility of Chinese stock markets, 

especially in mainland China. 

2.4.2 The event window for co-movement among mainland China, 
Hong Kong and US stock markets 

Following common practice in prior literature (e.g. Cao et al., 2017; Mohammadi 

and Tan, 2015), we discuss stock markets in mainland China and Hong Kong 

separately. The time-varying co-movement between Chinese and US stock 



 25 

markets are examined by using Dynamic Conditional Correlations (DCCs). Table 
2-3 demonstrates the descriptive statistics of cross-border DCCs among 

mainland China, Hong Kong and US stock markets. The event study analysis of 

news announcements for those DCCs are summarized in Table 2-4. We use ‘Cor’ 

as an abbreviation of the word ‘Correlation’. ‘MC’ denotes the mainland China 

stock market, ‘HK’ the Hong Kong stock market, and ‘US’ the US stock market. 

Table 2-3 Descriptive Summary of DCCs among mainland China, Hong Kong and US 
stock markets. (Sample Period: 03/01/2017-23/01/2020) 

 Cor_MCHK Cor_MCUS Cor_HKUS 

Mean 0.6363 0.1480 0.2411 

Max 0.6989 0.2234 0.3132 

Min 0.5380 0.0762 0.1852 

 

Table 2-3 indicates that stock markets in mainland China are much more 

correlated with Hong Kong than with US stock markets, coinciding with graphic 

presentations in Figure 2-3. Correlations between Hong Kong and US stock 

markets are higher than those between mainland China and US stock markets. 

This finding is consistent with previous studies on the Greater China Region that 

markets with higher magnitudes of openness correlate more with international 

markets (e.g. Wang and Wang, 2010). It is widely confirmed in earlier literature 

that the Hong Kong stock market is much more mature internationally than stock 

markets in mainland China due to long-term financial policies implemented by the 

Chinese government to control inflows of foreign capital (e.g. Hu et al., 1997; 

Wang and Firth, 2004). Actually, Bailey (1995), in one of the earliest studies on 

the performance of mainland China’s stock markets, finds that the Shanghai and 

Shenzhen stock markets were not integrated with world stock markets at that 

time. As the gradual liberalization of financial markets proceeded, cross-

boundary investment channels were developed to allow international capital flow 

into securities markets in mainland China, through Hong Kong, and therefore 

mainland China stock markets gradually became more correlated with foreign 

stock markets (Yang et al., 2019). 
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Table 2-4 Regression Analysis Results under Event Windows of Stage 1 and Stage 2: 
Co-movements among mainland China, Hong Kong and US stock markets. 

 Cor_MCHK Cor_MCUS Cor_HKUS 

Coefficients: Estimate Estimate Estimate 

(Intercept) 0.62241*** 0.14402*** 0.23961*** 

Stage 1 (before 6 July, 2018) 

𝒃𝟏,#𝟓 0.00168 -0.01635* -0.01908*** 

𝒃𝟏,#𝟒 0.00415 -0.01726* -0.02139*** 

𝒃𝟏,#𝟑 0.00401 -0.01718* -0.02184*** 

𝒃𝟏,#𝟐 0.00577 -0.01968** -0.02204*** 

𝒃𝟏,#𝟏 0.01235 -0.02124** -0.02450*** 

𝒃𝟏,𝟎 0.01330 -0.01786** -0.02117*** 

𝒃𝟏,)𝟏 0.01773 -0.01798** -0.02261*** 

𝒃𝟏,)𝟐 0.01673 -0.01510* -0.01796*** 

𝒃𝟏,),𝟑 0.01567 -0.01518* -0.01625** 

𝒃𝟏,)𝟒 0.01666 -0.01223 -0.01345** 

𝒃𝟏,)𝟓 0.01643 -0.00529 -0.00849 

Stage 2 (after 6 July, 2018) 

𝒃𝟐,#𝟓 0.03046*** 0.01373*** 0.00858** 

𝒃𝟐,#𝟒 0.03109*** 0.01350*** 0.00801** 

𝒃𝟐,#𝟑 0.03226*** 0.01416*** 0.00868** 

𝒃𝟐,#𝟐 0.02982*** 0.01254** 0.00782** 

𝒃𝟐,#𝟏 0.02909*** 0.01337*** 0.00912** 

𝒃𝟐,𝟎 0.02985*** 0.01513*** 0.01008*** 

𝒃𝟐,)𝟏 0.02914*** 0.01598*** 0.01157*** 

𝒃𝟐,)𝟐 0.02958*** 0.01666*** 0.01216*** 

𝒃𝟐,)𝟑 0.03194*** 0.01722*** 0.01216*** 

𝒃𝟐,)𝟒 0.03244*** 0.01850*** 0.01273*** 

𝒃𝟐,)𝟓 0.03153*** 0.01854*** 0.01332*** 

Note. The interests of variable 𝑦 in this regression analysis are Cor_MCHK, Cor_MCUS and Cor_HKUS 
obtained by DCC-GARCH(1,1). The regression analysis is based on the Equation (1) 𝑦&) = 𝑎& +	𝑏$* ∙
𝑑$* + 𝑏#* ∙ 𝑑#* + 𝜖&)   where −5 ≤ 𝑠 ≤ +5 . Negative sign (-) denotes the days before the news 
announcements while positive sign (+) denotes the days after the news announcements. Significance levels: 
*10%, **5%, and ***1%. Turning points are shown in bold. Peaks of each event window are underlined. 
 

There are several findings regarding the estimates in the event window at Stage 

1 in Table 2-4. (1) Correlations between mainland China and Hong Kong stock 

markets (relative to ‘tranquil times’) are positive while estimates for another two 

pairs of markets are negative. (2) The positive estimates obtained in the 
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regression of Cor_MCHK are obviously larger in the post-event window and peak 

at day1. This suggests that the co-movement between mainland China and Hong 

Kong stock markets is enhanced due to news releases at this stage. (3) The 

negative estimates from Cor_MCUS and Cor_HKUS noticeably decrease in 

absolute values at day2 and further decline by the end of the event window. This 

implies that news announcements also positively affect co-movements between 

mainland China and US stock markets as well as between Hong Kong and US 

stock markets although their correlations are still lower than the average level of 

‘tranquil times’.  

 

In Stage 2 of Table 2-4, several noticeable differences exist in the empirical 

evidence compared with Stage 1. First, all estimates are significantly positive, 

implying that at this stage, co-movements between any pair of stock markets are 

strengthened relative to the ‘tranquil times’ in the entire event window. Second, 

estimates for Cor_MCHK are still positive but larger compared to those observed 

in the ‘Stage 1’ event window, while estimates for other pairs of stock markets 

change the sign from negative in Stage 1 to positive in Stage 2. Such kinds of 

contrast may be due to structural breaks in a series of conditional correlations. 

Third, although fluctuations during the ‘Stage 2’ event window are small, we can 

still observe the evolution of conditional correlation between mainland China and 

US stock markets as well as between Hong Kong and US stock markets. 

Specifically, estimates from Cor_MCUS and Cor_HKUS become larger in the 

post-event window from day0, indicating that co-movements between Chinese 

and US stock markets are enhanced and respond faster to trade war news, which 

can be attributed to the fact that news coverage and public attention were largely 

increased after the official start of the ‘US-China Trade War’. However, there are 

no clear regularities for Cor_MCHK, despite the average level of estimates being 

slightly higher in the post-event window. Moreover, comparing estimates in the 

columns of Cor_MCUS and Cor_HKUS, we find that at the second stage, co-

movement between mainland China and US stock markets is more influenced by 

news about the US-China trade wars, as indicated by the higher magnitudes of 

statistically significant estimates for Cor_MCUS than those for Cor_HKUS. 
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2.4.3 The event window for co-movement between mainland China 
and US stock markets at sector level 
 
As mentioned in Section 2.3, the classification guideline adopted by China 

Securities Index Co Ltd to construct CSI 300 Sector Indices largely coincides with 

the Global Industry Classification Standard (GICS) developed by Standard & 

Poor’s, and we choose eight pairs of sector indices to carry out investigations on 

co-movements. Table 2-5 summarizes the descriptive statistics of DCCs for 

those eight sectors. 

 

Table 2-5 Descriptive Summary of DCCs between mainland China and US stock markets 
at sector level. (Sample Period: 03/01/2017-23/01/2020) 

 Cor_CO Cor_CD Cor_CS Cor_EN Cor_HE Cor_IN Cor_IT Cor_MA 

Mean 0.0779 0.1269 -0.0121 0.1565 0.0645 0.1060 0.1359 0.1784 

Max 0.0779 0.2205 0.0541 0.2631 0.0645 0.1827 0.2112 0.2810 

Min 0.0779 0.0432 -0.1038 -0.1160 0.0645 0.0313 0.0710 0.0444 

Note. ‘CO’ denotes Communication Services, ‘CD’-Consumer Discretionary, ‘CS’-Consumer Staples, 
‘EN’-Energy, ‘HE’-Healthcare, ‘IN’-Industrials, ‘IT’-Information Technology, ‘MA’-Materials. Estimates 
of DCCs for two sectors, communication services and healthcare, vary at latter decimal points. 
 

From Table 2-5, we can see that except for the Consumer Staples sector, the 

other seven sectors present a positive mean of estimated DCCs during the 

sample period. The constituents of Cons Staple Indices are stocks of companies 

providing essential products (such as food & beverages, alcohol and tobacco) 

mainly targeted at domestic consumers, sharing weak connections with foreign 

peer firms. Table 2-6 demonstrates the results of the ‘event study’ regression for 

five sectors14. 

  

 
14 There are not enough statistically significant estimates in the ‘event study’ regression of DCCs 
for three sectors, Consumer Staples, Energy and Healthcare. 
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Table 2-6 Regression Analysis Results under Event Windows of Stage 1 and Stage 2: 
Co-movements between mainland China and US stock markets at sector level. 

 Cor_CO Cor_CD Cor_IN Cor_IT Cor_MA 

Coefficients: Estimate Estimate Estimate Estimate Estimate 

(Intercept) 0.07794*** 0.12353*** 0.09908*** 0.13205*** 0.17446*** 

Stage 1 (before 6 July, 2018) 

𝒃𝟏,#𝟓 -2.46E-09 -0.00650 -0.02512** -0.02470*** -0.02329** 

𝒃𝟏,#𝟒 -7.49E-10 -0.00458 -0.02735** -0.02784*** -0.01927* 

𝒃𝟏,#𝟑 2.70E-08* -0.00319 -0.02738** -0.02848*** -0.01466 

𝒃𝟏,#𝟐 2.99E-08** -0.00485 -0.03084*** -0.03178*** -0.01221 

𝒃𝟏,#𝟏 4.10E-08*** -0.00246 -0.03534*** -0.03563*** -0.00459 

𝒃𝟏,𝟎 3.84E-08*** 0.00136 -0.03213*** -0.03182*** -0.00256 

𝒃𝟏,)𝟏 4.31E-08*** 0.00055 -0.02961*** -0.03099*** 0.00714 

𝒃𝟏,)𝟐 3.73E-08*** -0.00348 -0.02312** -0.02327*** 0.01119 

𝒃𝟏,),𝟑 3.29E-08** -0.00471 -0.02237** -0.02110** 0.00464 

𝒃𝟏,)𝟒 5.81E-08*** 0.00089 -0.02034* -0.01867** 0.00908 

𝒃𝟏,)𝟓 5.85E-08*** 0.00489 -0.01510 -0.01420 0.01853* 

Stage 2 (after 6 July, 2018) 

𝒃𝟐,#𝟓 7.91E-09 0.00827* 0.02402*** 0.01672*** 0.00991 

𝒃𝟐,#𝟒 8.85E-09 0.00834* 0.02353*** 0.01679*** 0.00901 

𝒃𝟐,#𝟑 8.15E-09 0.00764 0.02434*** 0.01768*** 0.00920 

𝒃𝟐,#𝟐 8.41E-09 0.00424 0.02267*** 0.01685*** 0.00594 

𝒃𝟐,#𝟏 7.49E-09 0.00476 0.02356*** 0.01670*** 0.00683 

𝒃𝟐,𝟎 1.48E-08* 0.00827 0.02552*** 0.01814*** 0.00805 

𝒃𝟐,)𝟏 1.93E-08** 0.00913* 0.02717*** 0.01926*** 0.01207* 

𝒃𝟐,)𝟐 2.17E-08*** 0.01201** 0.02752*** 0.02021*** 0.01130* 

𝒃𝟐,)𝟑 1.95E-08** 0.01181** 0.02934*** 0.02120*** 0.01280** 

𝒃𝟐,)𝟒 2.33E-08*** 0.01182** 0.03102*** 0.02150*** 0.01684*** 

𝒃𝟐,)𝟓 2.13E-08*** 0.01145** 0.03047*** 0.02082*** 0.01457** 

Note. The interests of variable y  in this regression analysis are time-varying conditional correlations 
between Chinese and US stock markets in five sectors, Communication Services, Consumer Discretionary, 
Industrials, Information Technology, and Materials,  which are obtained by DCC-GARCH(1,1) and 
denoted by Cor_CO, Cor_CD, Cor_IN, Cor_IT and Cor_MA respectively. The regression analysis is based 
on the Equation (1) y+, = a+ +	b$- ∙ d$- + b#- ∙ d#- + ϵ+,  where −5 ≤ s ≤ +5. Negative sign (-) denotes 
the days before the news announcements while positive sign (+) denotes the days after the news 
announcements. Significance levels: *10%, **5%, and ***1%. Turning points are shown in bold. Peaks of 
each event window are underlined. 
 

According to the overall performance shown in Table 2-6, five sectors can be 

divided into two groups for the purpose of following discussion: (1) Estimates for 
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two sectors, Communication Services and Consumer Discretionary, only present 

obvious regularities in the ‘Stage 2’ event window (see ‘Cor_CO’ and ‘Cor_CD’ 

columns); (2) Results of the remaining three sectors, Industrials, Information 

Technology, and Materials, have clear turning points under the event window at 

both stages (see ‘Cor_IN’, ‘Cor_IT’, and ‘Cor_MA’ columns). 

 

The Communication Services sector (CO) consists of companies related to 

Telecommunication Services, Entertainment or Media while the Consumer 

Discretionary (CD) sector covers business including automobiles/component 

producers, distributors, retailers and so on. The first and second columns of 

Table 2-6 indicate that the ‘relative-to-tranquil’ levels of co-movement in these 

two sectors are positive in the entire event window at Stage 2, and significantly 

larger in the post-event window, with a peak at day4 and day2, respectively. 

Specifically, Cor_CO increases from day0 and Cor_CD responds one day later, 

implying that news releases enhance the co-movement between US and 

mainland China stock markets in both sectors at this stage. Besides, comparing 

the estimates of dummy variables at different stages for each sector, at Stage 2, 

the Communication Services sector experiences a decrease in the overall 

magnitude of conditional correlations relative to ‘tranquil times’ while the 

Consumer Discretionary sector witnesses an increase. This might be due to the 

change of focus points after the official start of the US-China Trade War. 

Telecommunication Services were highlighted during the trade dispute between 

US and China before 6th July, 2018 when the US government conducted 

sanctions on ZTE, a leading Chinese company in this sector.  

 

As for the other group of sectors, Industrials, Information Technology and 

Materials, observations of the ‘Stage 1’ event window can be summarized as 

follows: (1) The ‘relative-to-tranquil’ level of correlation for the Materials sector 

changes sign from negative to positive at day1 and peaks at the end of event 

window, indicating that it is positively affected by news releases; (2) Estimates 

obtained from the regression of Cor_IN and Cor_IT are negative for the entire 

event window at this stage, but noticeably decrease in absolute values from day2 

and further decline by the end of the event window. This implies that news 

announcements also have a positive effect on stock market co-movements 
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between US and mainland China in these two sectors although their correlations 

are lower than the average level of ‘tranquil times’. 

 

By comparison, all estimates for these three sectors under the event window at 

Stage 2 are positive, which suggests potential structural breaks in their DCC 

series. Co-movement between US and mainland China stock markets in the 

Materials sector is enhanced at day1 as in the ‘Stage 1’ event window. However, 

Cor_IN and Cor_IT respond to the news releases more quickly, increasing from 

day0 and reaching a peak four days after announcements. As mentioned in the 

Introduction section, many restrictions adopted by the US government are 

targeted at Chinese companies related to the ‘Made in China 2025’ plan. Ten 

categories of manufacturing are highlighted in this plan: information technology, 

numerical control machinery and automation, aerospace and aviation equipment, 

maritime engineering equipment and vessel manufacturing, rail equipment, 

energy-saving vehicles, electrical equipment, new materials, biomedicine and 

medical apparatus, and agricultural equipment (“Building a world manufacturing 

power — Premier and Made in China 2025 strategy,” n.d.). Along with an 

escalation of US-China trade war tension, such kinds of measures were also 

intensified. Reviewing the classification guidelines of sector indices, we find that 

key industries highlighted in the ‘Made in China 2025’ plan are related closely to 

the Industrials and Information Technology sectors. The Materials Indices which 

primarily comprise companies producing chemicals, construction materials, 

containers & packaging, metals & mining and paper & forest products rather than 

new materials, are less connected with this strategic plan. This might explain why 

the former two sectors are more sensitive to news about trade wars than the 

Materials sector. 

 
2.4.4 The structural break and spillover pattern of co-movement 
among mainland China, Hong Kong and US stock markets 
 
To examine the structural changes in Cor_MCHK, Cor_MCUS and Cor_HKUS, 

we carry out the Bai-Perron test and the univariate autoregressive regression with 

dummy variables. We construct dummy variables to distinguish different phases 

of co-movement evolution. Each dummy variable, 𝑑5 , is equal to 1 during the 
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period starting on the date of the (𝑛)_𝑡ℎ breakpoint and ending one day before 

the (𝑛 + 1)_𝑡ℎ breakpoint. For the last breakpoint, its dummy variable takes the 

value of one from that date to the final date of the sample. The results of 

breakpoints and changes in series of dynamic conditional correlations are 

summarized in Table 2-7. 

 
Table 2-7 Structural Breakpoints in DCCs and Structural Changes during Different 
Phases: Co-movement among Mainland China, Hong Kong and US Stock Markets. 

 Cor_MCHK Cor_MCUS Cor_HKUS 

# of break 5 3 5 

 Date Date Date 

First 19-Jun-17 10-Jul-18 10-Aug-17 

Second 07-Feb-18 26-Dec-18 25-Jan-18 

Third 25-Jul-18 09-Aug-19 12-Jul-18 

Forth 25-Feb-19 ------ 07-Jan-19 

Fifth 09-Aug-19 ------ 21-Jun-19 

Regression Equation: 𝝆𝒊𝒋,𝒕 = 𝒄 +	𝝋𝟎𝝆𝒊𝒋,𝒕#𝟏 +	∑ 𝝋𝒏𝒅𝒏
𝒒
𝒏/𝟏 +	𝒗𝒊𝒋,𝒕 

Coefficients: Estimate Estimate Estimate 

Constant 0.01623*** 0.00650*** 0.01536*** 

𝝋𝟎 0.97156*** 0.94770*** 0.92977*** 

𝝋𝟏 0.00046 0.00221*** 0.00238*** 

𝝋𝟐 0.00291*** 0.00350*** -0.00041 

𝝋𝟑 0.00329*** 0.00123** 0.00191*** 

𝝋𝟒 0.00289*** ------ 0.00247*** 

𝝋𝟓 0.00185*** ------ 0.00318*** 

Adj. R^2 0.99333 0.97385 0.95312 

Note. Significance levels: *10%, **5%, and ***1%. The detected breakpoints in July, 2018 are shown in 
bold. The highest estimates of dummy variables in each column are underlined. 
 

In terms of breakpoints, we can see that for all these three pairs of DCCs, a 

detected date in July, 2018 after the first implementation of tariffs on Chinese 

goods (i.e. the official start of the US-China Trade War on 6th July, 2018) is found. 

Particularly, for the stock market co-movement between mainland China and US, 

all breakpoints appears after 6th July, 2018. This implies that the notable 

deterioration of US-China relation in July, 2018 induced structural changes in all 

series of correlations among mainland China, Hong Kong and US stock markets. 

The following breakpoint for Cor_MCUS is in late-2018 while the ones for 
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Cor_MCHK and Cor_HKUS are in early-2019. Given the news announcements 

released during the period of Dec, 2018 to Feb, 2019, there were continuous 

signs of alleviating the US-China tension, including temporary truce agreed by 

both sides, reduction of US-specific tariffs and extension of China-specific tariffs 

deadline. Such kind of positive signals might activate stock markets in these three 

regions. Stock market co-movements between mainland China and US are more 

sensitive than the ones between Hong Kong and US, with a structural break 

occurring at the end of 2018 soon after US and China agreed to truce at the 

beginning of December, 2018. However, the positive interaction changed after 

April, 2019 with the mix of news about confrontation and negotiation between US 

and China in following several months and the circumstance worsened after 

entering July, 2019. Trump threatened to impose tariffs on over US$300 billion 

Chinese goods in mid-July and early-August respectively (see Appendix). And 

then a breaking news that US declares China as a currency manipulator became 

headlines of Chinese main-stream media on 6 August, 2019. The intensification 

of US-China trade war were observed by the public and might lead to structural 

breaks detected at 9 August, 2019 in Cor_MCHK and Cor_MCUS, terminating 

the trend of co-movements induced by the earlier positive signals. 

 

Regarding the regression results shown in Table 2-7, it is observed that volatility 

spillover between mainland China and Hong Kong stock markets occurs from the 

second breakpoint and reaches the peak in the third phase corresponding to the 

period from 25/07/2018 to 24/02/2019. This period covers over half of a year 

following the official start of US-China trade war on 6 July, 2018, indicating a long-

lasting influence on stock market co-movements between mainland China and 

Hong Kong. The co-movement between mainland China and US stock markets 

also experiences spillover effects after the start of the US-China Trade War, with 

the first breakpoint appearing at 10th July, 2018. By comparison, spillovers 

between Hong Kong and US stock markets show up earlier during the period of 

10th August, 2017 to 24th January, 2018, as the estimate of variable 𝜑$ in the 

‘Cor_HKUS’ column is positive and significant. Then spillover effects between 

these two stock markets reappear from the third phase starting on 12th July, 2018, 

also reflecting pressure from the deteriorating relationship between the US and 

China. We notice that spillovers across stock markets in mainland China and US 
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are more in line with turning points of US-China relations, compared to spillovers 

among the other two pairs of markets. This finding is consistent with the spillover 

effect that Nong (2021) finds in connectedness of economic policy uncertainty 

between mainland China and US under the effect of US-China trade war. The 

factors driving the spillover effects between mainland China and Hong Kong as 

well as Hong Kong and US stock markets may be more complex, due to other 

disturbances also laying in the society of Hong Kong at the time. The empirical 

results shown in Table 2-7 reinforce the finding illustrated in Table 2-4 that the 

effect of a news announcement event window on co-movement between Chinese 

and US stock markets is different in ‘Stage 1’ and ‘Stage 2’, as the overall level 

of correlation significantly increases after July, 2018. 

 

2.5 Conclusion 
 
This paper investigates whether the US-China trade disputes affect the co-

movement between US and Chinese stock markets. The DCC-GARCH(1,1) 

model is employed to evaluate the time-varying co-movement: (1) among 

mainland China, Hong Kong and US stock markets; (2) between mainland China 

and US stock markets at sector level. The ‘event study’ analysis is adopted to 

examine the effects of news announcements while the Bai-Perron test is used to 

detect structural changes in volatility linkages across markets. 

 

Empirical results of the ‘event study’ regression provide the following major 

findings: (1) There are positive announcement effects on the volatility of mainland 

China stock market as well as on co-movement among mainland China, Hong 

Kong and US stock markets in the period both before and after 6th July, 2018; (2) 

At stage 2, the mainland China stock market is more influenced by the US-China 

Trade War than the Hong Kong stock market is, given larger magnitudes of 

estimates; (3) Dynamic conditional correlations between different pairs of sector 

indices for mainland China and US respond differently to news releases and co-

movements in two sectors, Industrials and Information Technology, respond to 

news more quickly; (4) Co-movement between US and Chinese stock markets 

tends to be enhanced after the 6th July, 2018, with higher levels under the entire 

window and a faster response to news announcements. 
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Moreover, the structural break test shows that the majority of structural 

breakpoints in co-movement among mainland China, Hong Kong and US stock 

markets occur after 6th July, 2018 when the US-China relationship escalated into 

furious tensions, along with volatility spillovers. These results of this spillover 

pattern explain the contrast between the event windows of Stage 1 and Stage 2 

and restate that the Chinese mainland stock market is more correlated to US-

China trade conflicts than the Hong Kong market is, with all breakpoints showing 

up after the official start of the trade war.  

 

This study, to our best knowledge, is the first to consider the effect of news of 

US-China trade disputes on stock market co-movement between US and China. 

Our findings aim to provide international investors with some insights. For one 

thing, at an overall level, the US-China Trade War reduces the benefit of portfolio 

diversification in managing risk when simultaneously investing in stock markets 

in the US and China (especially, mainland China). For another, there is empirical 

evidence that those sectors at the heart of the trade disputes between the US 

and China are affected more severely. We suggest that investors pay more 

attention to the Industrials and Information Technology sectors which are 

highlighted in government disputes in both countries. 
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Appendix 
 

Day 0 (Beijing Time) News 

15/08/2017 US government plan to restart '301' investigation 
09/03/2018 US announces to impose tariffs on steel and aluminum 
23/03/2018 Trump signs a memorandum 
04/04/2018 US proposes tariff list and China responds 
17/04/2018 US bans ZTE 
21/05/2018 ‘Truce’ article in People’s Daily 
23/05/2018 Signals of resolving ZTE sanction 
30/05/2018 US reinstates tariff plans 
08/06/2018 Resolution of ZTE case 
19/06/2018 Threats of imposing tariffs from both sides 
06/07/2018 US implements first China-Specific tariffs 
11/07/2018 Trump threatens to impose tariffs on US$200billion Chinese goods 
03/08/2018 China responds to US tariffs plan released on 2 August, 2018(ET) 
08/08/2018 Second round of tariffs finalized and released by US 
23/08/2018 US and China implement second round of tariffs 
18/09/2018 China announces retaliation for US tariffs on Chinese goods 
24/09/2018 US and China implement third round of tariffs 
20/11/2018 US proposes export controls on emerging technologies 
03/12/2018 US and China agree to temporary truce 
14/12/2018 China lowers tariffs and resumes buying US soybean exports 
25/02/2019 Trump extends tariff deadline 
01/04/2019 China continues on suspending extra tariffs on US automobiles 
10/05/2019 US increases tariff from 10% to 25% 
14/05/2019 China officially unveil tariff list on US products  
17/05/2019 US add Huawei on 'entities list' 
19/06/2019 Xi and Trump rekindle talks, China says to ease tensions 
27/06/2019 Both sides agree on tentative truce and trade talks will restart 
10/07/2019 US issues licenses to American Huawei suppliers 
17/07/2019 Trump threatens tariffs on US$325billion Chinese goods 
02/08/2019 Trump threatens tariffs on another US$300billion Chinese goods 
06/08/2019 US declares China is a currency manipulator 
14/08/2019 US delays tariffs on certain products 
23/08/2019 China announces US$75 billion in tariffs on US goods 
23/09/2019 US releases exemption list in local time last Friday 
11/10/2019 Positive prospect of meeting in Washington DC 
04/11/2019 China wins WTO case and Chinese negotiators talk over 
16/12/2019 US and China agree to 'Phase one deal' in Washing D.C. last Friday 
14/01/2020 US officially drops China’s currency manipulator label 
16/01/2020 US and China sign phase one trade deal in Washington D.C. 

Note. The identification of day0 is based on the criteria explained in the Methodology section. The title of news is 
collected from Chinese mainstream media, mainly from Sina Finance. 
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Chapter 3 What influences stock market co-
movements between China and its Asia-Pacific 
trading partners after the Global Financial Crisis? 

 

3.1 Introduction 
 
Due to advances in financial liberalization and increases in intraregional 

investment through financial markets, stock markets in Asia-Pacific are 

experiencing regional integration (Kim and McKenzie, 2007). On the one hand, 

deeper financial integration can promote the unification of financial resources, 

and therefore stimulate the growth of the real economy. On the other hand, cross-

border capital flows can be volatile and aggravate market risk. Meanwhile, 

coordination of financial development across countries can enhance co-

movements (i.e., volatility linkages) between stock markets, raising concerns 

about global asset allocation, as asset prices in different markets are 

simultaneously affected by unexpected shocks. Ongoing financial integration in 

this region is complicated, with varying levels of development in stock markets, 

including both highly developed markets (such as those in the United States) and 

newly emerging markets (mainly in Asia). Compared to sophisticated stock 

markets in developed countries, emerging stock markets are rapidly growing in 

market capitalization and trading volumes. The surge and growth of those 

emerging markets benefit from the economic success of Asian economies, which 

attracted international capital flows, and China is at the centre of this. 

 

Although China established its stock market exchanges in the 1990s, later than 

many other countries in the Asia-Pacific region, by the end of January 2021,15 

the scale of the Chinese stock market ranked as the third-largest in the world, 

after markets in Japan and the United States. The Chinese stock market rapidly 

reached such a large scale over a limited period of 30 years and gradually 

improved the country’s level of financial openness. Furthermore, some scholars 

 
15 According to the Statista: https://www.statista.com/statistics/710680/global-stock-markets-by-
country/ 
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believe that the rapid rise of the stock market in China since the 2000s augments 

China’s financial influence on other regional stock markets compared to that of 

the United States (Kim et al., 2015a). The rising power of China on the financial 

markets in the Asia-Pacific region is probably associated with its stronger 

connections with other countries, especially in the form of trade ties. After officially 

joining the World Trade Organization (WTO) in 2000, China is now embedded 

more and more deeply into global value chains (GVCs) and has increased its 

share in global trade to nearly 15% (China: The rise of a trade titan | UNCTAD, 

2021). The leading position of China in the global economy reinforces the process 

of liberalizing domestic financial markets to attract capital flows and therefore 

consolidate Chinese financial influence. Moreover, along with the success of 

negotiations for the Regional Comprehensive Economic Partnership (RCEP) 

trade deal16, there is a prospect that the Asia-Pacific region will gradually recover 

from the protectionism accelerated by US-China trade frictions and China’s 

expanding influence on other countries in this region will remain in future years 

(Shimizu, 2021).  

 

Given the crucial role China plays in the Asia-Pacific region as outlined above, 

empirical research on the pattern of stock market co-movements between China 

and its key trading partners is pertinent to provide some insights into facilitating 

financial stability in this region. There are burgeoning empirical studies on the 

degree of financial integration within the Asia-Pacific region. Early literature in 

this field pays more attention to volatility spillovers from the Japanese and United 

States stock markets than Chinese markets (e.g., Ng, 2000). Later, the Global 

Financial Crisis 2007-2008 (GFC) further encouraged many scholars to notice 

the enhanced stock market integration in the Asia-Pacific region along with the 

existence of co-movement (Loh, 2013) or contagion (Dewandaru et al., 2016). 

Most of the studies related to the GFC focus on the influence of disturbances 

triggered in United States markets. Some of them also find that the mainland 

China stock market is increasingly integrated with other markets in this region 

during the GFC (e.g., Burdekin and Siklos, 2012; Kim et al., 2015b; Nieh et al., 

 
16 The RCEP trade deal was agreed by China and 14 Asia-Pacific countries on 15 November, 
2020. 
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2012). Since then, more and more scholars notice China’s rising power in the 

process of financial coordination in the Asia-Pacific region, and mainland China’s 

financial market has gradually become a new focus of regional financial studies 

in terms of volatility linkages. The latest literature confirms that the strengthening 

of financial connections is persistent after the GFC and demonstrates that the 

influence of mainland China stock market on many regional markets has risen to 

meet Japan’s, and even the United States’, level of influence (e.g., Ahmed and 

Huo, 2019; Chow, 2017; Shu et al., 2018; Younis et al., 2020).  

 

Apart from those studies on examining the existence and magnitude of volatility 

linkages across stock markets, many academic papers explore the mechanisms 

and underlying factors of stock market co-movements. As for theoretical 

justifications, the information spillover and market efficiency theories regard 

information on stock markets as crucial determinants of stock market co-

movements. Behaviour finance argues that there is a herding action leading to 

correlation between markets when investors are affected by subjective factors. In 

terms of an increasing amount of empirical research, scholars are investigating 

potential factors driving the stock market from various perspectives. Early studies 

point out that real linkages, financial linkages, market similarity, and financial 

openness can facilitate stock market co-movements (e.g., Bracker et al., 1999; 

Forbes and Chinn, 2004; Pretorius, 2002; Quinn and Voth, 2008). The Global 

Financial Crisis witnessed market turbulence worldwide and sparked the 

discussion of factors affecting co-movements across stock markets during the 

crisis period. The real and financial linkages between the United States and other 

countries are widely examined to account for volatility spillovers from the US 

stock market (e.g., Balli et al., 2015; Kim et al., 2015b; Prasad et al., 2018), and 

co-movements between US and other countries’ stock markets (e.g., Didier et al., 

2012; Huang, 2020). In addition, some scholars examine co-movements among 

international stock markets during the GFC rather than confining their studies to 

correlations with the US stock market (e.g., Mobarek et al., 2016; Niţoi and 

Pochea, 2019; Thomas et al., 2019). These previous studies cover a wide range 

of markets (developed, emerging, and frontier) and distinguish the influence of 

the GFC on stock markets in different regions (European Union as well as Asia-

Pacific Area). By comparison, there are much fewer studies particularly 
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explaining stock market co-movements between China and other countries since 

China is not among the key economies affected by the GFC. 

 

Moreover, the increasing influence of the Chinese stock market did not attract 

substantial attention until recent years, and therefore empirical studies explaining 

the characteristics of stock market co-movements related to the Chinese market 

are scarce (Wang and Guo, 2020). This paper is aimed at enriching research in 

this field from two perspectives. Firstly, although previous studies confirm that the 

Chinese stock market is more integrated with other markets in the Asia-Pacific 

region after GFC, there is little literature examining the factors influencing stock 

market co-movements in the process of this integration. Therefore, this study 

contributes to the extant literature by identifying potential factors driving stock 

market co-movements between China and its trading partners in the Asia-Pacific 

region. Secondly, while many scholars examine co-movements within global 

stock markets during the period of GFC, fewer scholars pay attention to sudden 

shocks after the GFC. Three events (i.e., Shanghai stock market crash, US-China 

tariff war, and COVID-19 pandemic) occurred after the GFC and caused stock 

market disturbances in China. We distinguish the turmoil period covering these 

events as the sub-sample period to understand the impact of these shocks on 

the stock market co-movements between China and other economies. The 

Shanghai stock market crash (2015-2016) was largely influenced by a decline in 

China’s economic growth, which led to a decrease in China’s foreign trade. In 

contrast, tensions between the US and China rebalanced trade flows within the 

region. Furthermore, the outbreak of the COVID-19 pandemic in 2020 disrupted 

international trade. We can see that these three events share similar patterns in 

their influence on China’s Asia-Pacific trading partners because all these partners 

are exposed to China’s trade risk. In addition, Ahmed and Huo (2019) note that 

the Shanghai stock market crash (2015-2016) enhanced volatility linkages 

between mainland China and significant economies in the Asia-Pacific region 

during the period of turmoil. The US-China tariff war triggered in 2018 also 

positively affected stock market co-movement among mainland China, Hong 

Kong, and United States (Shi et al., 2021).  
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We attempt to answer the following three questions: First, what is the evolving 

pattern of stock market co-movement between China and its trading partners 

after the Global Financial Crisis? According to the World Economic Outlook 

(October 2020) of the International Monetary Fund (IMF), the major economies 

ranked by Gross Domestic Product based on Purchasing Power Parity in Asia-

Pacific Region include China, United States, India, Japan, Indonesia, South 

Korea, Australia, Taiwan, Thailand, Malaysia, Singapore, Hong Kong, and New 

Zealand17. With a focus on the Chinese stock market, we classify stock markets 

in 12 economies (i.e., 12 of China’s trading partners) into two categories, 

‘developed market’ and ‘emerging market,’ according to the MSCI Market 

Classification Market Framework, 2020. And then, we employ the Dynamic 

Conditional Correlation (DCC) - Mixed Data Sampling (MIDAS) model to estimate 

time-varying stock market correlations between China and each economy and 

conduct analyses for two groups of markets separately. The Dynamic Conditional 

Correlation (DCC) model, proposed by Engle (2002), is widely adopted to 

investigate time-varying characteristics of stock market co-movements (e.g., 

Chiang et al., 2016; Ma et al., 2019; Mensi et al., 2016; etc.). This model enables 

scholars to compute daily conditional correlations from daily return series. 

However, short-run dynamic conditional correlations only depict temporal 

degeneration of volatility linkages but cannot be linked to lower-frequency 

macroscopic factors. The DCC-MIDAS model is an essential expansion of the 

original DCC model, which allows for distinguishing short- and long-run dynamic 

conditional correlations under the economic principle that there are different 

short- and long-run sources that affect volatility (Colacito et al., 2011). 

 

The second question is: Did the Shanghai stock market crash, US-China tariffs 

war, and COVID-19 pandemic intensify volatility linkages between stock markets? 

We detect the intensification of stock market co-movement by identifying 

contagion episodes across country pairs18 to see whether events drive contagion 

incidences. We regard an episode as contagious if a significant increase is 

 
17 As a common practice, mainland China (denoted as China) and Hong Kong are regarded as 
two individual economies in Asia-Pacific region. 
18 The country-pair term in this article is actually country(/region)-pair because Hong Kong and 
Taiwan are regions of China. 
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detected in time-varying correlations, based on the definition of financial 

contagion in Forbes and Rigobon (2002). Following the practice of previous 

studies (Buchholz and Tonzer, 2016; Niţoi and Pochea, 2019), we use time 

dummies to capture significant increases in weekly conditional correlations. The 

latter are extracted by the DCC-MIDAS, and dummies are constructed in the 

autoregressions of conditional correlations. We conduct autoregressions for each 

pair of China and trading partners separately and collect contagion episodes 

across country pairs.  

 

Finally, the third question we are curious about is: Which factors influence the 

stock market co-movements between China and these 12 economies? As a 

reliable method to derive low-frequency components from pairwise conditional 

correlations, DCC-MIDAS solves the problem of frequency mismatching when 

investigating the periodic influence of fundamentals on financial market co-

movements (e.g., Mobarek et al., 2016; Niţoi and Pochea, 2019). We consider a 

set of explanatory variables classified into three categories, the time-and-country-

pair varying indicators for economic integration, stock market similarity, and 

China-related characteristics such as the proxy for illiquidity pressure in China. 

The choices of these variables are based on a review of literature and an 

understanding of the Chinese financial system. To examine the influencing 

factors for stock market co-movement between China and its trading partners 

more elaborately, we distinguish the period of turmoil covering key events over 

the entire sample, and then examine whether the nexus between stock market 

co-movement and explanatory factors become significant or insignificant under 

disturbances. Moreover, we also consider the nature of contagion by adding 

interaction terms of contagion indicators and selected factors to test whether 

economic fundamentals are likely to be significant channels in propagating 

shocks (Giordano et al., 2013). 

 

The remainder of this paper is structured as follows: Section 3.2 and Section 3.3 

introduce the methodology and data respectively. Section 3.4 presents and 

discusses the empirical results and Section 3.5 conducts the robustness checks. 

Section 3.6 concludes with the main findings. 
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3.2 Methodology 
 
3.2.1 Estimation of long-run dynamic conditional correlations 
 
We explore stock market co-movements on a long-run basis using the DCC-

MIDAS model proposed by Colacito et al. (2011). This method extends Engle’s 

(2002) Dynamic Conditional Correlation (DCC) model with short- and long-run 

component specifications. The other two critical gradients of the DCC-MIDAS 

method are the component GARCH model of Engle and Lee (1999) which 

provide ideas to replace the original DCC with a component specification; and 

the GARCH-MIDAS model of Engle et al. (2006) 19  which gives insights on 

extracting a long-run correlation component via mixed data sampling. We realize 

the DCC-MIDAS method in Matlab20. Market returns are calculated as the first 

difference of the natural logarithm of closing prices, in local currency over two 

consecutive trading days, for each market index. The vector of returns for 𝑘 

market indices is denoted as 𝑟# = q𝑟$,# , … , 𝑟',#r
(. It is assumed that the vector 𝑟# 

follows the process: 

 

𝑟#	~	𝑖. 𝑖. 𝑑. 𝑁(𝜇, 𝐻#) (1) 

 

𝐻# = 𝐷#𝑅#𝐷# (2) 

 

where 𝜇 is the vector of unconditional means, 𝐻# is the conditional covariance 

matrix and 𝐷# is a diagonal matrix with standard deviations and: 𝑅# = Ε#)$[𝜀#𝜀#(]; 

𝜀# = 𝐷#)$(𝑟# − 𝜇). Therefore, 𝑟# = 	𝜇 + 𝐻#
$/&𝜀# . And 𝜀#  is known as the vector of 

standardized residuals and assumed to follow the multivariate normal distribution: 

𝜀#~𝑖. 𝑖. 𝑑. 𝑁(0, 𝐼'). 

 

We take a two-step procedure of DCC-MIDAS to calculate pairwise DCCs by 

daily returns and convert daily DCCs into monthly estimators, preparing for 

regressing conditional correlations on monthly macroeconomic indicators. In the 

 
19 On the economic sources of stock market volatility. NYU and UNC Unpublished Manuscript. 
20  Toolbox: https://www.mathworks.com/matlabcentral/fileexchange/45150-midas-matlab-
toolbox. It is the repack of Mixed Data Sampling regressions (MIDAS) written by Eric Ghysels and 
collaborators. Eric Ghysels is one of the authors propose DCC-MIDAS model. 
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first step, conditional variances are estimated by univariate GARCH-MIDAS 

models. Returns of each market index (𝑖 = 1,… , 𝑘) follow the GARCH-MIDAS 

process (Note: 𝑡 and 𝜏 are introduced as time scales. Particularly, 𝑔!,# changes 

daily and 𝑧!,7, moves only once every 𝑁 days): 

 

𝑟!,# =	𝜇! +T𝑧!,7,𝑔!,#𝜀!,# ,					∀𝑡 = 𝜏𝑁,… . , (𝜏 + 1)𝑁 (3) 

 

where 𝑔!,# follows a GARCH (1,1) process: 

 

𝑔!,# = (1 − 𝛼! − 𝛽!) + 𝛼!
a𝑟!,#)$ − 𝜇!c

&

𝑧!,7
+ 𝛽!𝑔!,#)$ (4) 

 

while the MIDAS component 𝑧!,7,  is a weighted sum of 𝐾8!  lags of realized 

variances (RV) over a long horizon:  

 

𝑧!,7, = 𝑧!̅ + 𝜃!}𝜑'a𝜔8$! , 𝜔8&! c
9./

'4$

𝑅𝑉!,7)' (5) 

 

where the realized variances involve 𝑁  daily squared returns, 𝑅𝑉!,7 =

∑ (𝑟!,-)&7:
-4(7)$):0$ . 𝜑'(𝜔8$! , 𝜔8&! )  is called Beta weight 21 : 𝜑'a𝜔8$! , 𝜔8&! c =

01 2./⁄ 4
5.6
/ 76

(671 2./⁄ )5.:
/ 76

∑ 0< 2./⁄ 4
5.6
/ 76

(67< 2./⁄ )5.:
/ 762.

/
<=6

. 

 

In this paper, we extract the monthly DCC by setting period 𝑁	 = 	23. When 

calculating dynamic conditional correlations between Chinese and a partner’s 

stock markets, we first exclude the trading days on which either of the two 

markets is closed. And then, we find that 23 is the maximum number of common 

trading days for a month in all pairs. Considering the practice from previous 

 
21 We changed the setting of two-parameter beta weight to one-parameter beta weight by fixing 
the weight 𝜔$ to one if estimates for 𝜔$ and 𝜔# were jointly insignificant at 10% significance level 
at the first or second step of DCC-MIDAS approach under a series of lag settings. The expression 
of one-parameter beta weight is: 𝜑>(𝜔#) =

($"> ?⁄ )!"#$

∑ ($"@ ?⁄ )!"#$%
&'$

, a restricted version of two-parameter 

beta (Engle et al., 2013). 
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studies (e.g. Aloui and Hkiri, 2014) which avoid spurious conditional correlations 

by placing zeros for the time slots not all series are available, we fill a month of 

common trading days fewer than 23 with zeros at the end of that month. 

 

As for the second step, the standardized residuals have a correlation matrix with 

GARCH-MIDAS-like dynamics. Let 𝑄#  be a quasi-correlation matrix with the 

typical element 𝑞!,-,# (i.e., the conditional covariance between returns of asset 𝑖 

and asset 𝑗) expressed as: 

 
𝑞!,-,# = 𝑚� !,-,#(1 − 𝑎 − 𝑏) + 𝑎𝜀!,#)$𝜀-,#)$ + 𝑏𝑞!,-,#)$ (6) 

 

where 𝜀!,#)$, 𝜀-,#)$ are the standardized residuals of the previous period obtained 

from univariate GARCH-MIDAS process. The long-run component 𝑚� !,-,#  is 

determined by the 𝐾+
!-  lags of 𝑐!,-,#)$, 𝑐!,-,#)&, … , 𝑐!,-,#)9A/< 	under Beta weights22 . 

That is, 

 

𝑚� !,-,# = }𝜑'a𝜔+$
!- , 𝜔+&

!- c𝑐!,-,#)'

9A
/<

'4$

(7) 

 

where 𝑐!,-,# =
∑ >/,C><,C
D
C=D7E

?∑ >/,C
:D

C=D7E ?∑ ><,C
:D

C=D7E

. Correlations can then be calculated as: 𝜌!,-,# =

6/,<,D
@6/,/,D6<,<,D

. 

 

We follow Colacito et al. (2011) and Engle et al. (2013) to compare different DCC-

MIDAS models with different 𝐾  lags via maximum profiling of the likelihood 

function. And then we choose the number of lags at which the highest maximum 

likelihood value is achieved, along with considering the accurate estimation of 

matrix, statistical significance of coefficients, and sample size. In this study, the 

total number of MIDAS lags (𝐾8!  and 𝐾+
!- ) in two-step procedure for most of 

 
22 As in the Colacito et al.(2011), the structure of beta-weights (i.e. the choice of two-parameter 
or one-parameter weights) is uniform for the first and second steps of DCC-MIDAS approach. 
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country pairs is 24 when extracting monthly DCC, which corresponds to the so-

called two MIDAS years. 

 
3.2.2 Identification of the contagion episode 
 
Following the definition of financial contagion in Forbes and Rigobon (2002), we 

identify an episode as contagious only if a significant increase in time-varying 

correlations is detected. There is no consensus on how to measure the contagion, 

and we adopt the basic version of the approach in Buchholz and Tonzer (2016). 

Since daily data is affected by non-synchronous trading hours and noises, we 

estimate contagion episodes using weekly conditional correlations (Niţoi and 

Pochea, 2019). Weekly DCCs are extracted from the DCC-MIDAS model23.  

 
�̅�!-,# =	𝜆. +	𝜆$�̅�!-,#)$ +	𝛿2𝐷𝑢𝑚2 + 𝜀!-,# (8) 

 

where �̅�!-,# is Fisher-Z24 adjusted weekly conditional correlations of stock returns 

and 𝐷𝑢𝑚2 is a dummy variable taking the value of 1 for a given month and 0 

otherwise. Considering the limitations of the arbitrary selection for the crisis 

dummy (Billio and Pelizzon, 2003), we do not divide the sample into specific 

periods for generating dummy variables. Given that serial correlation and ARCH 

tests reveal that significant serial correlation and heteroscedasticity exist, the 

conditional variance equation follows the GARCH (1,1) specification. A significant 

and positive estimate of 𝛿2 indicates a corresponding episode contagious at 5% 

significance level. We identify contagion episodes sequentially for each pair of 

China and a trading partner from the first month to the last month of sample period 

excluding the MIDAS years (i.e. January 2012 to December 2020 in this study): 

in the first set of regression, 𝐷𝑢𝑚$  equals to 1 in Jan. of the first year and 0 

otherwise; in the second set of regression, 𝐷𝑢𝑚& equals to 1 in Feb. of the first 

year and 0 otherwise; and so on. 

 

 
23 When estimating weekly DCC, we exclude all common holidays for China and its paired trading 
country, and replace returns on non-common holidays with zeros to make use of all the available 
calendar dates (Ma et al., 2019). The fixed span of a period for weekly DCC is set as 𝑁 = 5. And 
the total number of MIDAS lags also cover two years, consistent with the setting of monthly DCC. 
24 In order to ensure the normal distribution of the conditional correlation coefficients, we apply 
Fisher-Z transformation: �̅� = (1/2)𝐿𝑁[(1 + 𝜌)/(1 − 𝜌)]. 
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3.2.3 Regression analysis of factors influencing stock-market co-
movements 
 
To investigate factors driving the stock market co-movements between China and 

its trading partners, we can utilize the gravity-type regressions adopted by the 

Niţoi and Pochea (2019) when investigating the financial integration of the 

European Union. We explore the following three forms of panel data regression 

in this study: The first (baseline) form shown as Eq. (9) is to investigate the effects 

of mixed factors (including both country-pair sharing and country-pair specific 

factors) on stock market co-movements. 

 
�̅�!-,# = 	𝛼	 +		𝑿𝒊𝒋,𝒕( 𝛽 +	𝛾#F + 𝜀!-,# (9) 

 

where �̅�!-,# is Fisher-Z adjusted monthly conditional correlations of stock returns, 

𝛼. is the overall constant, 𝑿𝒊𝒋,𝒕(  comprises variables that can be time-varying and 

common to all country pairs, specific to country pair and constant over time, or 

time-and-country-pair varying, 𝛾#F represents a series of time dummies to adjust 

the potential seasonal difference between months and 𝜀!-,# is an error term.  

 

Further, when also controlling the country pair fixed effects, according to Niţoi 

and Pochea (2019), only time-and-country-pair varying variables are included in 

the regression model (see Eq. (10)). The second form regression provides a 

robustness check on the results from the baseline form. 

 
�̅�!-,# = 	𝛼	 +	𝑋!-,#( 𝛽 + 𝛿!- + 𝛾#F + 𝜀!-,# (10) 

 

where 𝑋!-,#(  is a vector of variables that can only be time-and-country-pair varying,  

𝛿!- and 𝛾#F represent country pair fixed effects and seasonal time fixed effects 

(time dummies same as in Eq. (9)) respectively. 

 

Besides, we consider which factors might influence stock market co-movement 

between China and its Asia-Pacific trading partners during periods of contagion. 

According to the estimation explained in the section 3.2.2, we can construct the 
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contagion indicator that takes a value of 1  if contagion is detected during a 

particular month, 0 otherwise. The contagion indicator is also time-and-country-

pair varying. Previous studies point out that macroeconomic variables and market 

characteristics can affect transmission of shocks when contagion occurs (e.g., 

Bekaert et al. 2014; Gkillas et al., 2019; Leung et al., 2017). Therefore, we 

introduce interaction terms of the contagion indicator and time-and-country-pair 

varying variables (including proxies for economic integration and stock market 

similarities) into the second regression (see Eq. (11)). 

 

�̅�!-,# = 	𝛼	 +	𝑋!-,#( 𝛽$ + (𝑋 ∗ 𝐶)!-,#𝛽& + 𝛿!- + 𝛾#F + 𝜀!-,# (11) 

 

3.3 Data 
 
3.3.1 Stock market indices 
 
According to many previous studies (e.g., Ahmad et al., 2012), the crisis period 

of GFC ends in the fourth quarter, 2009. The data set explored in this study 

comprises the daily closing prices of stock market indices from China and 12 

trading partners for the sample period, 4 January 2010 to 31 December 2020. 

The first two years correspond to the so-called two MIDAS years. The 

countries/regions considered in our study are China, United States, India, Japan, 

Indonesia, South Korea, Australia, Taiwan, Thailand, Malaysia, Singapore, Hong 

Kong, and New Zealand. The historical data of market indexes are collected from 

Investing.com and CSMAR databases. We calculate the logarithmic rates of 

return for each market index to prepare for estimations of market co-movements. 

Table 3-1 presents the statistics description of stock market indices used in this 

study. The Morgan Stanley Capital International (MSCI) Market Classification 

Framework 2020 classify stock markets by three criteria: economic development, 

size and liquidity, and market accessibility. And the chosen stock markets can be 

classified into two categories, ‘developed markets’ and ‘emerging markets’. 

 
Table 3-1 Classification of stock markets and descriptive statistics of stock market 
indices 

Country 
/Region Index Mean 

(*100) Min. Max. SD Skew. Kurt. ADF 
stat. 

ARCH 
LM stat. 

Emerging Markets 
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China CSI 300 0.0145 -0.0915 0.0650 0.0146 -0.6925 4.906 -50.3*** 2214*** 

India NIFTY 
500 0.0356 -0.1371 0.0741 0.0107 -1.2466 14.962 -50.2*** 3442*** 

Indonesia JKSE 0.0314 -0.0930 0.0970 0.0112 -0.4241 7.556 -49.5*** 2515*** 

Malaysia FBM 
KLCI 0.0092 -0.0541 0.0663 0.0066 -0.3140 9.155 -48.6*** 2418*** 

South 
Korea KOSPI 0.0194 -0.0877 0.0825 0.0104 -0.3822 7.623 -51.7*** 1019*** 

Taiwan TWII 0.0217 -0.0652 0.0617 0.0096 -0.6532 4.997 -50.0*** 1878*** 
Thailand SET 0.0255 -0.1143 0.0765 0.0107 -1.0412 13.453 -51.8*** 3108*** 

Developed Markets 
Australia ASX 200 0.0106 -0.1020 0.0677 0.0099 -0.8806 10.164 -57.7*** 974*** 

Hong 
Kong HSI 0.0082 -0.0602 0.0552 0.0117 -0.3288 2.403 -51.8*** 1622*** 

Japan Nikkei 
225 0.0348 -0.1058 0.0773 0.0133 -0.4347 5.256 -53.2*** 2315*** 

New 
Zealand NZX 50 0.0489 -0.0635 0.0694 0.0066 -0.4890 12.264 -48.2*** 1503*** 

Singapore STI -0.0006 -0.0764 0.0590 0.0087 -0.4928 7.012 -51.7*** 1316*** 
United 
States S&P 500 0.0433 -0.1277 0.0897 0.0111 -0.8636 16.328 -61.2*** 1198*** 

Note: 𝑅&) = 𝐿𝑛(𝑃&)/𝑃&)"$) for market 𝑖 on day 𝑡.  Sample period: 4 January 2010 to 31 December 2020. 
JKSE denotes Jakarta Stock Exchange Composite Index. The FBM KLCI is also known as the FTSE Bursa 
Malaysia KLCI. TWII denotes Taiwan Stock Exchange Weighted Index. The ADF statistic tests for the 
null hypothesis of a unit root in time series. The ARCH statistic tests for the null hypothesis of 
homoskedasticity. Asterisks denote rejection of the null hypothesis at *10%, **5%, and ***1% significance 
levels. 
 

From Table 3-1, we can see that the NZX 50 index for the New Zealand stock 

market has the highest mean and lowest standard deviation of logarithmic returns. 

The CSI 300 index returns have the highest standard deviation for the sample 

period, compared to all other indices. It is noticeable that there are a lot of retail 

participants in the Chinese stock market, although the proportion of holdings by 

institutional investors has expanded in recent years (Wen et al., 2021). Also, 

China has a unique stock market compared to other countries/regions, including 

a variety of market situations under ongoing financial reforms. All series of returns 

have a negative skewness in terms of distribution, meaning that stocks have more 

weight in the left tail of the return distribution. The augmented Dickey-Fuller (ADF) 

statistic rejects the null hypothesis of unit root at the 1%  significance level, 

indicating that each return series is stationary. Besides, all series of returns reject 

null hypothesis of the ARCH test, suggesting the existence of heteroskedasticity 

and the preference for GARCH models. 

 
3.3.2 A set of variables potentially influencing stock market co-
movements 
 
The covariation across different stock markets are associated with information 

spillovers and investor behaviours. For one thing, scholars are encouraged to 
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explore what common sources of information represent the relevant sources of 

cross-border covariations. The theoretical literature on international asset pricing 

and trading (e.g. Adler and Dumas, 1983; Obstfeld and Rogoff, 1996; etc.) offers 

some guidance to consider the economic forces behind international market 

linkages. As suggested by Bracker et al. (1999), certain macroeconomic factors 

that characterize and influence the degree of economic integration across 

countries serve as a typical type of sources.  

 

For another thing, according to modern portfolio theory traced back to Markowitz 

(1952), investors who build and hold diversified portfolio are risk-averse. Along 

with the blossoming of research on behavioural finance theory in the 1990s 

(Shiller, 2003), it is argued that investors are not always rational. Hence, the 

spread of panic may directly contribute to the enhancement of volatility linkages 

across stock markets under the turmoil. Besides, investors’ trading behaviour is 

easily affected by features of market interactions, such as asymmetric information 

(see Löfgren et al., 2002 for a review of the theoretical literature) and transaction 

costs (Constantinides, 1986). To investigate the potential drivers of stock market-

co-movements, as mentioned in the section of Introduction, we consider three 

categories of variables in this study. We will briefly discuss these variables, while 

Table A in Appendix details them. 

 

Common factors (i.e. China-related characteristics) include China ETF volatility 

index (VXFXI index), China term spread, and a dummy variable to distinguish 

economies that have relatively similar cultures with China. The VXFXI index 

measures the market expectation of 30-day volatility implicit in the prices of near-

term China ETF options. Changes in VIXFXI index prices reflect the 

ascending/descending expectation of Chinese market risk. China’s term spread 

(unit: %) between the 10-year government bond yield and the 3-month short-term 

interbank rate is a proxy for Chinese market stress from illiquidity. Previous 

studies highlight the important role that risk aversion and illiquidity risk play in 

asset co-movements (e.g., Bekaert et al., 2014; Buchholz and Tonzer, 2016). 

The dummy variable is designed to capture cultural proximity between China and 

other economies, as cultural differences may exacerbate information 



 51 

asymmetries and agency problems for international investors (Aggarwal et al., 

2012).  

 

Economic integration factors refer to the similarity in economic developments (in 

this paper, bilateral trade, industrial production growth, board money (M2) growth, 

inflation and changes in cross-border banking position). Pretorius (2002) 

classifies economic variables related to market interdependence into two 

categories: the extent to which two economies depend on each other; and the 

extent to which macroeconomic variables in two economies are the same. 

Specifically, bilateral trade is a typical variable that reflects the nature of 

dependency between countries via international trade (Bracker et al., 1999), 

while industrial production growth rate reflects the economic cycle pattern of 

manufacturing (Kong et al., 2020). Besides, M2 supply growth and inflation are 

monetary policy outcomes from different perspectives and useful in measuring 

monetary convergence between economies (Brada et al., 2005). Changes in 

cross-border position in banking sector can reflect the growth or shrink of linkages 

in banking sector, and cross-border banking linkages can transmit local shocks 

across national borders within the financial network (Tonzer, 2015)25.  

 

Stock market similarity factors include differences in market sizes and turnover 

ratios. On the one hand, relative stock market size may influence co-movement 

between two stock markets through information and transaction costs (Johnson 

and Soenen, 2002). On the other hand, the turnover ratio measures the liquidity 

of stock markets, and co-movements between liquid stock markets are expected 

to be higher due to reduced transaction costs (Thomas et al., 2019).  

 

Our data behind discussion in this section are all collected on a monthly basis, 

except for the cross-border position in banking sector, for which differentials are 

calculated on a quarterly basis and converted to monthly data. Among these 

variables, China’s volatility index and term spread are time-varying and common 

to all country pairs, while the culture dummy is specific to country pair and 

 
25 Due to the data availability, we collect the cross-border banking position exposed to the rest of 
world for each economy. 
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constant over time. All indicators for economic integration and stock market 

similarity are time-and-country-pair varying. Table 3-2 shows the mean of time-

and-country-pair-varying variables from January 2012 to December 2020, 

excluding the two MIDAS years. 

 

Table 3-2 Average values of country-pair variables (01/2012-12/2020) 

 Bilateral 
Trade 

Industrial 
Production 

Growth 
M2 

Growth Inflation 
Cross-
Border 

Banking 
Position 

Relative 
Size 

Turnover 
Ratio (%) 

Panel A: developed trading partners 
Australia 0.1282 0.0104 0.0122 0.0040 7.0328% 0.7695 206.25 

Hong Kong 0.2901 0.0255 0.0146 0.0068 6.8470% 0.4264 220.57 
Japan 0.1434 0.0200 0.0224 0.0045 7.2518% 0.2392 157.55 

New Zealand 0.1032 0.0131 0.0250 0.0039 10.9521% 0.9875 255.67 
Singapore 0.0741 0.0418 0.0122 0.0047 7.0088% 0.8769 235.86 

United 
States 0.1325 0.0139 0.0119 0.0040 7.6153% 3.4524 171.81 

Panel B: emerging trading partners 
India 0.0563 0.0609 0.0259 0.0082 8.6386% 0.7400 216.20 

Indonesia 0.0946 0.0367 0.0193 0.0054 7.7014% 0.9263 246.07 
Malaysia 0.0934 0.0237 0.0173 0.0050 6.6828% 0.9245 236.37 

South Korea 0.1472 0.0200 0.0171 0.0037 6.4060% 0.7780 128.48 
Taiwan 0.1408 0.0214 0.0120 0.0055 8.2222% 0.8504 189.75 

Thailand 0.0877 0.0249 0.0136 0.0049 7.5715% 0.9268 192.96 
Note: Bilateral trade represents the average dependency ratio of trade between country 𝑖	and 𝑗 (fixed to 
China). The calculated equation: Y-𝑋&@ 𝑋&⁄ 2 + -𝑀&@ 𝑀&⁄ 2 + -𝑋@& 𝑋@⁄ 2 +	-𝑀@& 𝑀@⁄ 2]/4 where 𝑋 is exports, 
𝑀 is imports, 𝑖𝑗 refers to monthly trade flows from country	𝑖 to country	𝑗, 𝑗𝑖 refers to trade flows from 
country 𝑗 to country	𝑖; Industrial Production Growth represents the absolute difference in M-o-M growth 
rates of industrial production between country 𝑖	and China; M2 Growth represents the absolute difference 
in M-o-M growth rates of M2 supply between country 𝑖	and China; Inflation represents the absolute 
difference in inflation rates (calculated by Consumer Price Index, CPI) between country 𝑖	and China; Cross-
Border Banking Position represents the absolute difference in percent changes in cross-border gross 
banking position between country 𝑖	and China; Relative Size represents the absolute difference in stock 
market capitalizations relative to Chinese market capitalization between country 𝑖	and China; Turnover 
Ratio represents the absolute difference in stock market turnover ratios between country 𝑖	and China. 
 

From Table 3-2, we notice that trade connections in the Greater China Area are 

relatively strong, with Hong Kong having the highest ratio of bilateral trade in the 

group of developed markets and Taiwan ranking second in the group of emerging 

markets. Previous studies already point out economic integration within the 

Greater China Area through trade and investment (e.g., Ash and Kueh 1993). 

Regarding the absolute differences in industrial production growth with China, the 

average value for India is the highest among all considered partners. The 

differences in M2 supply growth and banking position percent change between 

China and 12 economies have similar means, while the divergences from China 

in inflation rate are also largest for India. Like China, India is a large emerging 

country that adopted a series of reforms in the 1980s to change its economic 
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orientation towards the market regime and is on the track of economic 

development at its own pace (Das et al., 2019). As expected from the ranking of 

market capitalizations, the most minor difference is between China and Japan, 

while the scale of stock markets in the United States is much larger than that of 

stock markets in China. Besides, absolute differences in turnover velocity is the 

least between China and South Korea, and most developed markets have a 

differential larger than 200%. The large gap in turnover ratios between China and 

other countries is commonly seen as the Chinese stock market has shown a 

superior turnover ratio in global terms, ranking highest annually in recent years 

(Knoema database26).  

 

The regression analysis will be conducted to investigate the drivers of stock 

market co-movements with China for developed and emerging partners 

respectively. In order to avoid the problem of multicollinearity, we examine the 

correlation coefficient between the explanatory variables for both groups. Table 
3-3 reports the coefficient matrix and shows that the correlation between each 

two explanatory variables is low. 

 

Table 3-3 The correlation coefficients among variables 

 Trade Production  M2  Inflation Position Size Turnover  
Panel A: developed trading partners 

Trade 1.0000       
Production -0.0219 1.0000      

M2  -0.0418 -0.0311 1.0000     
Inflation 0.1689 0.1672 0.0167 1.0000    
Position -0.1122 0.0366 0.0714 0.0378 1.0000   

Size -0.2138 -0.0714 -0.1341 -0.0877 0.0440 1.0000  
Turnover -0.0163 0.1132 0.0327 0.0140 -0.0736 -0.1108 1.0000 

Panel B: emerging trading partners 
Trade 1.0000       

Production -0.1291 1.0000      
M2  -0.1702 0.0853 1.0000     

Inflation -0.2203 0.2145 0.0722 1.0000    
Position -0.1458 0.0921 0.0648 0.0585 1.0000   

Size 0.0591 -0.0217 -0.1092 -0.0919 -0.1523 1.0000  
Turnover -0.1668 0.0828 0.1233 0.0559 -0.1052 0.3328 1.0000 

Note: Trade denotes the variable for bilateral trade; Production, M2, Inflation and Position denote variables 
in terms of industrial production growth, M2 supply growth, inflation rate and cross-border banking 
position change respectively; Size and Turnover denote variables for market capitalization and market 
turnover ratio respectively. For the sake of space, we only report the correlation matrix during the whole 

 
26 The rank of stock market turnover ratio in recent years: 
https://knoema.com/atlas/topics/Economy/Financial-Sector-Capital-markets/Stocks-traded-
turnover-ratio 
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period from Jan 2012 to Dec 2020. The correlations between different variables during the turmoil period 
also range between [-0.25, 0.35]. 
 
3.4 Empirical Results 
 
3.4.1 Co-movements between China and its trading partners’ stock 
markets in the Asia-Pacific region 
 
We investigate the long-run dynamics of stock market co-movements on a 

monthly basis by adopting the DCC-MIDAS method. The parameter estimates of 

the DCC-MIDAS method are reported in Table B(1&2) in the Appendix27. Almost 

all estimates are statistically significant at 10% significance level and there are 

not jointly insignificant estimates for key parameters in the first step (i.e. 𝛼 & 𝛽 ) 

and the second step (i.e. 𝑎 & 𝑏). Excluding the two years for MIDAS estimation, 

we obtain 9 ∗ 12 = 108 monthly conditional correlations with the Chinese stock 

market for each trading partner from January 2012 to December 2020. Figure 
3-1A presents the graphic representations for stock market co-movements 

between China and developed trading partners, while Figure 3-1B reveals the 

interactions between China and emerging trading partners. From Figure 3-1A, 

we can see that among the developed markets considered, conditional 

correlations with China for Japan and Singapore fluctuate around 0.3. In contrast, 

Australia, the US and New Zealand have lower levels of fluctuation. As expected, 

the average level of stock market co-movements between China and Hong Kong 

is highest since Hong Kong serves as an intermediate platform to attract 

international capital flows for the progress of Chinese financial liberalization 

(Yang et al., 2020). Despite that different pairwise conditional correlations evolve 

differently, it is commonly observed that a noticeable increase in magnitudes of 

volatility linkages appear around mid-2015 and early-2018. Moreover, except for 

China vs. the US, there is a notable increase in stock market co-movement at the 

beginning of 2020. The years 2015, 2018 and 2020 are start points for the 

Shanghai stock market crash, US-China trade wars, and the spread of the 

COVID-19 pandemic, respectively. 

  
 

27 In Table B(1&2),  we also report the constraints of GARCH model indicated in previous studies 
(e.g. Ling and McAleer, 2002; Ng and McAleer, 2004) since the first step of DCC-MIDAS are 
based on the GARCH process. And the return series for China and its trading partners fit the 
GARCH (1,1), related tests are available from the author upon request. 
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Figure 3-1A Co-movements between Chinese and developed stock markets. The monthly 
conditional correlations (denoted by the red line) are extracted from the total conditional 
correlations (denoted by the blue line) by the DCC-MIDAS approach. 

 
Regarding the group of emerging markets, Figure 3-1B demonstrates that there 

are distinct increases in conditional correlations between China and emerging 

stock markets around mid-2015, early-2018, and early-2020, indicating common 
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shocks shared with the group of developed markets. Furthermore, dynamic 

conditional correlations across different country pairs within this group own more 

similar patterns than those reflected in Figure 3-1A. All pairs of stock market co-

movement fluctuate below 0.6, with distinct fluctuations most frequently observed 

in ‘China vs. South Korea’ correlations. As major developing countries in East 

Asia, China and South Korea started negotiations on the Bilateral Free Trade 

Agreement in 2012 and finally reinforced their partnership in 2015. The 

enhancement of trade ties between China and South Korea may aggravate 

changes in their stock markets’ volatility linkages.  
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Figure 3-1B Co-movements between Chinese and emerging stock markets. The monthly 
conditional correlations (denoted by the red line) are extracted from the total conditional 
correlations (denoted by the blue line) by the DCC-MIDAS approach.  
 

Besides, Table 3-4 summarizes descriptive statistics of monthly conditional 

correlations between stock markets in China and these 12 Asia-Pacific 

economies, elaborating the images of Figure 3-1A and Figure 3-1B. It is 



 58 

noteworthy in Panel A that the means and standard deviations of correlations for 

Asian economies (i.e. Hong Kong, Japan, and Singapore) are larger than those 

for Pacific countries (i.e. Australia, New Zealand, and the United States). This 

finding is consistent with previous studies presenting the regional power of China 

on Asian stock markets (e.g. Shu et al., 2018; Younis et al., 2020). As for Panel 

B, Taiwan and South Korea stock markets have higher average levels of volatility 

linkages with the Chinese stock market, indicating the deeper integration among 

East Asian stock markets. Furthermore, standard deviations of all pairwise 

conditional correlations (except for India and Malaysia) in this panel are larger 

than those for western countries in Panel A. Since all economies in Panel B are 

from Asia, we find that among the 12 Chinese trading partners chosen in this 

paper, stock market co-movements between China and Asian economies (no 

matter developed or emerging markets) tend to be more volatile. This finding may 

be due to the possibility that Asian stock markets are more easily influenced by 

Chinese shocks. 

 

Table 3-4 Descriptive statistics of monthly DCC-MIDAS estimates 
 Mean Max. Min.  STD 

Panel A: developed trading partners 
Australia 0.27029 0.42224 0.11527 0.08270 

Hong Kong 0.56782 0.79342 0.33818 0.11880 
Japan 0.29493 0.56179 0.02490 0.13470 

New Zealand 0.11487 0.29966 -0.06739 0.09249 
Singapore 0.33184 0.62186 -0.06162 0.15750 

United States 0.11190 0.24692 -0.01110 0.05888 
Panel B: emerging trading partners 

India 0.21871 0.33694 0.09531 0.05639 
Indonesia 0.22647 0.47239 -0.02635 0.12982 
Malaysia 0.21217 0.39917 -0.02448 0.08983 

South Korea 0.32855 0.56094 0.03028 0.13188 
Taiwan 0.35010 0.55708 0.06685 0.12832 

Thailand 0.21463 0.40594 0.03764 0.10027 

 
3.4.2 Contagion incidence among trading partners’ stock market 
co-movements with China 
 
To better understand the regularities of co-movement between Chinese and 

these 12 economies’ stock markets, we calculate the contagion incidence within 

the ‘China vs. Developed Partners’ group and ‘China vs. Emerging Partners’ 

group for January 2012 to December 2020 separately. The contagion incidence 

is based on the count of contagion episodes for each month across country pairs. 



 59 

To be more specific, there are six pairs of stock market co-movement in each 

group, and 108	(= 9 ∗ 12) episodes are tested in the autoregressions of each 

pairwise weekly conditional correlation, separately and sequentially, to identify 

contagion episodes. For each month, we count the total number of country pairs 

whose corresponding episode is contagious. The maximum of contagion 

incidence in a month within each group is 6, which means that all pairs of weekly 

conditional correlations significantly increase in this month.  

 

In this paper, we recognize periods of turmoil as follows: the crisis period of 

Shanghai stock market crash is from June 2015 to February 2016, as the 

Shanghai Stock Composite Index suffered a sharp fall on 12 June 2015 and 

finally recovered from the bottom in early February 2016 (Khoojine and Han, 

2019); the intense period of US-China tariff war is from March 2018 when Trump 

signed a memorandum of China-specific tariffs to December 2019 when US and 

China agreed on the Phase One Deal; and the COVID-19 pandemic spread from 

January 2020 till the end of sample (i.e. December 2020). 

 

The results of monthly contagion incidence are summarized in Figure 3-2A and 

Figure 3-2B, for developed and emerging trading partners respectively. Both 

figures support the claim that the frequency of contagion episodes is mainly 

driven by events, with more contagion episodes detected in the years 2015, 2016, 

2018, and 2020. Looking at the plot for developed markets (see Figure 3-2A), 

we notice that the peak of contagion incidence appears in March 2018. The 

second-highest level of incidence is reached in January 2019 and March 2020. 

We consider that stock market co-movements between China and its developed 

partners are most influenced by the US-China trade frictions, as shown by the 

surge of contagion incidence in March 2018 when Trump signed the 

memorandum on proposed tariffs on China-specific goods. And it is noted that 

the temporary relief of US-China tensions around the start of 2019 and Trump’s 

re-thinking of tariffs in July 2019 also stimulated the Chinese stock market (Shi et 

al., 2021). The subsequent increase of contagion episodes in March 2020 mainly 

relates to the spread of the COVID-19 pandemic since the US-China trade war 

entered a smoother stage after the official signing of the Phase One Deal in 

January 2020. There are also increases in the number of contagion episodes 
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after mid-2015, but the considerable incidence for 2015 and 2016 does not 

surpass the highest level observed in previous years. Compared to the other two 

events, the Shanghai stock market crash has a slighter effect on stock market 

co-movement with China for the group of developed trading partners, consistent 

with the finding of Ahmed and Huo (2019) that some developed countries in the 

Asia-Pacific region are not affected by this crash. The distribution of contagion 

incidence in 2016 supports the argument that the influence of the Chinese stock 

market turbulence lasted after February 2016 until the end of 2016 (Qarni and 

Gulzar, 2018). 

 

As for the group of emerging trading partners (see Figure 3-2B), there are 

several noteworthy observations: (1) The number of contagion episodes 

increased in the second half of the year 2015 and in the first half of the year 2020, 

with contagion incidence reaching their peaks in January 2016 and March 2020. 

This implies that stock market co-movement between China and its emerging 

partners were intensified by the Shanghai stock market crash and COVID-19 

pandemic outbreak. (2) Since more contagion episodes were detected in 2018 

than in 2017, and contagion incidences increased to their second-highest level in 

July 2018, we also find that the US-China trade wars influenced stock market co-

movement for this group of markets. (3) The contagion episodes frequently 

observed in the second half of the year 2016 also suggested the impact of 

Shanghai stock market crash remained after February 2016. (4) Comparing the 

findings mentioned above with those observed in Figure 3-2A, we notice that 

emerging partners’ volatility linkages with the Chinese stock market are more 

intensively influenced by the Shanghai stock market crash in 2015, showing a 

steeper increase of contagion incidence, while they are less sensitive to US-

China trade frictions. Furthermore, the COVID-19 pandemic affects both groups 

of markets from early 2020, with contagion incidence surging in March 2020. 
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Figure 3-2A Contagion incidence for the stock market co-movements between China and 
developed trading partners. 

Notes: A positive and statistically significant coefficient at 5% level for 𝛿G  in �̅�&@,) = λH + λ$�̅�&@,)"$ +
𝛿G𝐷𝑢𝑚G + 𝜀&@,) is interpreted as a contagion episode. Each episode takes the value of one. All estimates 
are computed separately and sequentially for each pairwise DCC. The vertical axis denotes the number of 
contagion episodes summed up across country pairs for a particular month (i.e., contagion incidence). 
Vertical dashed lines separate different years. 
 

 
Figure 3-2B Contagion incidence for the stock market co-movements between China and 
emerging trading partners. 

Notes: A positive and statistically significant coefficient at 5% level for 𝛿G  in �̅�&@,) = λH + λ$�̅�&@,)"$ +
𝛿G𝐷𝑢𝑚G + 𝜀&@,) is interpreted as a contagion episode. Each episode takes the value of one. All estimates 
are computed separately and sequentially for each pairwise DCC. The vertical axis denotes the number of 
contagion episodes summed up across country pairs for a particular month (i.e., contagion incidence). 
Vertical dashed lines separate different years. 
 
3.4.3 Influencing factors for stock market co-movements between 
China and its Asia-Pacific trading partners 
 
After studying the evolving pattern of stock market co-movement between China 

and its 12 partners, we are further curious about factors driving those cross-

border co-movements. For each group of trading partners, we first investigate 
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drivers of stock market co-movement during the full period of the sample and 

during periods of turmoil and then test the hypotheses of contagion. There are 

two popular hypotheses regarding the contagion effect explored in empirical 

research: (1) Fundamental contagion hypothesis is that contagion is related to 

country-specific economic and financial factors (e.g., Bekaert et al., 2014); and 

(2) Pure contagion hypothesis argues that contagion is independent of the 

fundamentals (e.g., Shen et al., 2015).  

 
3.4.3.1 Explaining stock market co-movements between Jan. 2012 to Dec. 
2020 and during the turmoil period covering key events. 
 
We regress the estimated long-run dynamic conditional correlation (monthly) onto 

a set of variables which can be categorized as common factors, economic 

integration factors, and market similarity factors. As mentioned in the section 

3.4.2, the crisis period covering Shanghai stock market crash was from June 

2015 to February 2016, while the outbreak of US-China tariff wars and COVID-

19 pandemic occupied the period from March 2018 to December 2020. 

Regression results are presented in Table 3-5A and 5B for developed and 

emerging trading partners, respectively. In each table, specifications I and III 

consider the effect of mixed factors, while specifications II and IV introduce the 

country-pair fixed effect to test the robustness of findings regarding the time-and-

country-pair varying variables.  

 

Looking at the estimates in Table 3-5A, estimation results for the periods of 

turmoil are similar to those of the full sample. We notice that stock market co-

movements are positively affected by China term spread (as a proxy for market 

stress from illiquidity in China) for both total sample and sub-sample. The result 

is similar to the finding of Niţoi and Pochea (2019) that Euribor-Eonia spread has 

a positive impact on EU stock market co-movement. Estimates for culture are 

also positive and significant for both samples. The impact of cultural similarity is 

related to transaction frictions caused by cultural differences, suggesting the 

preference of allocating investments across markets under similar cultures. By 

comparison, estimates for China VXFXI index are only negative and significant 

during turmoil period. Intuitively, the Chinese market expectation of greater 

volatility (proxied by the VXFXI index) is linked to higher risk aversion, reducing 
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stock market co-movements between China and other economies significantly 

during crises. This finding is similar to Bekaert et al.’s (2014) finding that the 

increase in the VIX index decreases co-movements between US and 

international stock markets. This is potentially consistent with evidence in Bekaert 

et al. (2011) that global markets are more segmented in times of heightened risk 

aversion.  

 

Regarding the country-pair explanatory variables, trade dependency is positively 

related to stock market co-movement for both the sample and turmoil periods. 

The results are robust when introducing the country-pair fixed effect. This finding 

is consistent with previous studies that stronger trade ties enhance stock market 

co-movement (e.g., Alotaibi and Mishra 2015; Forbes and Chinn 2004; Wälti, 

2011; etc.). There are also clues of a positive relationship between the industrial 

production growth rate differential and stock market correlations. A possible 

reason for this lies in the portfolio strategy whereby international investors 

diversify their assets across high-growth and high-quality markets (Thomas et al., 

2019). Besides, the money supply growth differential negatively affects stock 

market co-movements, while the inflation rate differential is irrelevant to co-

movements. At the same time, differences in cross-border banking position 

growth are negatively related to stock market correlations. The results for banking 

position are only significant during the turmoil period and robust when controlling 

the country-pair fixed effect. Most of these findings support a popular point that 

similarities in economic development contribute to stock market co-movements. 

Moreover, estimates for size and turnover differentials are significant and 

negative over the full sample period and for periods of turmoil, except that the 

estimate for Turnover is insignificant in the column III. These findings indicate that 

more similar market sizes and turnover ratios enhance stock market co-

movement, consistent with previous arguments (e.g., Bracker et al., 1999; 

Pretorius 2002). 
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Table 3-5A Influencing factors for stock market co-movement between China and its 
developed trading partners 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index -0.0009 
(0.0012)  -0.0116*** 

(0.0014)  

China Term Spread 0.0814*** 
(0.0103)  0.0768*** 

(0.0190)  

Culture 0.1433*** 
(0.0136)  0.2423*** 

(0.0186)  

Trade 1.4848*** 
(0.1007) 

0.7206** 
(0.3623) 

1.8508*** 
(0.1548) 

1.0910** 
(0.5122) 

Production 0.2859* 
(0.1642) 

0.4787*** 
(0.1198) 

0.6581*** 
(0.1686) 

0.3199** 
(0.1457) 

Money Supply -1.4161*** 
(0.3675) 

-0.1766 
(0.3123) 

-1.1009** 
(0.5227) 

-0.3623 
(0.4596) 

Inflation 0.8459 
(1.5462) 

1.2442 
(1.4311) 

0.1402 
(1.9041) 

-2.8824 
(1.9898) 

Cross-Border Position -0.0465 
(0.0858) 

-0.0484 
(0.0810) 

-0.5526*** 
(0.1315) 

-0.4597*** 
(0.1242) 

Size -0.0415*** 
(0.0037) 

-0.0317*** 
(0.0057) 

-0.0313*** 
(0.0072) 

-0.0730*** 
(0.0181) 

Turnover -0.0331*** 
(0.0046) 

-0.0340*** 
(0.0038) 

-0.0103 
(0.0077) 

-0.0454*** 
(0.0072) 

Constant 0.2113*** 
(0.0324) 

0.1904*** 
(0.0660) 

0.3646*** 
(0.0443) 

0.3695*** 
(0.1104) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.6518 0.6868 0.8076 0.8163 

F statistics 55.81*** 59.48*** 47.17*** 45.20*** 

Note: The full sample period is from Jan 2012 to Dec 2020, excluding two MIDAS years. The turmoil 
period contains two pieces of time (Jun 2015 - Feb 2016) and (Mar 2018 – Dec 2020). Developed trading 
partners are Australia, Hong Kong, Japan, New Zealand, Singapore, and United States. Numbers in 
parentheses are robust standard errors. The ***, **, and * indicate significance at the 1, 5, and 10% levels 
respectively. Trade represents the average dependency ratio of bilateral trade between country 𝑖	and 𝑗 (fixed 
to China); Production represents the absolute difference in the industrial production M-o-M growth rates; 
Money Supply represents the absolute difference in broad money (i.e., M2) M-o-M growth rates; Inflation 
represents the absolute difference in inflation rates; Cross-Border Position represents the absolute 
difference in cross-border banking position percent changes; Size represents the absolute difference in 
market capitalizations relative to Chinese market capitalization; Turnover represents the absolute difference 
in stock market turnover ratios. 
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Moving on to Table 3-5B, we find similar findings as for the group of developed 

markets: the term spread, cultural closeness and bilateral trade are positively 

related to stock market co-movement, while turnover differentials have adverse 

effects for both periods. Moreover, the China ETF volatility index also has a 

negative impact on correlations, reflecting the effect of higher risk aversion under 

turbulence. However, apart from a weak sign that the inflation differential is 

negatively associated with correlations during the turmoil period, there are three 

findings specific to emerging markets: (1) The relation between industrial 

production growth and stock market co-movement is not significant under 

turbulence. Investors prefer rising economic growth rate differentials between 

developed and emerging markets because of signals that emerging markets will 

outperform developed markets (“Why Growth Matters In EM, Now More Than 

Ever,” 2015). Compared to the emerging markets in this group, China does not 

have an absolute advantage over them in terms of growth rate. (2) The estimates 

for the differences in percent changes in cross-border banking position are 

significant and positive in the column I for the full sample although the estimates 

are negative during the turmoil period. The Chinese government maintains many 

restrictions on its external exposure and controls over its banking sector, 

featuring high-level macroprudential policies within Chinese financial system 

(Chang et al., 2015; Klingelhöfer and Sun 2019). This finding indicates the benefit 

of prudential policies for emerging economies, as synchronizing with China in 

terms of expanding or shrinking cross-border banking linkages may reduce stock 

market co-movements with China in normal times. (3) The size differential is 

positively associated to stock market correlations in the column IV after 

controlling the country-pair fixed effect. This implies that for each emerging 

partner, correlations with Chinese market are higher when its market 

capitalization diverge more from Chinese market cap during the turmoil period. 

Since all emerging partners considered in this study have a smaller stock market 

compared to China, it indicates that smaller markets are more influenced by 

turbulences. 
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Table 3-5B Influencing factors for stock market co-movement between China and its 
emerging trading partners 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index 0.0015 
(0.0010)  -0.0063*** 

(0.0011)  

China Term Spread 0.0518*** 
(0.0080)  0.1177*** 

(0.0144)  

Culture 0.0367*** 
(0.0092)  0.0308** 

(0.0135)  

Trade 1.4077*** 
(0.1331) 

1.3659*** 
(0.4782) 

2.6257*** 
(0.2202) 

4.0544*** 
(0.6915) 

Production -0.0399 
(0.0775) 

0.2628*** 
(0.0850) 

0.0989 
(0.1004) 

0.1094 
(0.1027) 

Money Supply -0.0440 
(0.1721) 

0.0342 
(0.1713) 

-0.6417* 
(0.3742) 

-0.1570 
(0.4510) 

Inflation 0.4435 
(1.0406) 

1.1956 
(1.0044) 

-0.1714 
(1.4379) 

-3.0583* 
(1.7418) 

Cross-Border Position 0.2109** 
(0.0898) 

0.1342 
(0.0895) 

-0.3316*** 
(0.1028) 

-0.5906*** 
(0.1204) 

Size -0.2034*** 
(0.0501) 

-0.3376** 
(0.1350) 

-0.2195** 
(0.0930) 

0.9497*** 
(0.3000) 

Turnover -0.0478*** 
(0.0038) 

-0.0400*** 
(0.0037) 

-0.0212*** 
(0.0057) 

-0.0405*** 
(0.0063) 

Constant 0.3565*** 
(0.0512) 

0.4876*** 
(0.1015) 

0.4141*** 
(0.0742) 

-0.9359*** 
(0.2450) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.4510 0.4140 0.6708 0.6212 

F statistics 24.48*** 19.17*** 22.90*** 16.68*** 

Note: The full sample period is from Jan 2012 to Dec 2020, excluding two MIDAS years. The turmoil 
period contains two pieces of time (Jun 2015 - Feb 2016) and (Mar 2018 – Dec 2020). Emerging trading 
partners are India, Indonesia, Malaysia, South Korea, Taiwan, and Thailand. Numbers in parentheses are 
robust standard errors. The ***, **, and * indicate significance at the 1, 5, and 10% levels respectively. 
Trade represents the average dependency ratio of bilateral trade between country 𝑖	and 𝑗 (fixed to China); 
Production represents the absolute difference in the industrial production M-o-M growth rates; Money 
Supply represents the absolute difference in broad money (i.e., M2) M-o-M growth rates; Inflation 
represents the absolute difference in inflation rates; Cross-Border Position represents the absolute 
difference in cross-border banking position percent changes; Size represents the absolute difference in 
market capitalizations relative to Chinese market capitalization; Turnover represents the absolute difference 
in stock market turnover ratios.  
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3.4.3.2 Explaining stock market co-movements during contagion times 
 
To investigate whether there are some channels of propagating shocks when 

contagion occurs, we include the interaction terms of contagion indicators and 

time-and-country-pair variables into the panel data regression. Given that it is 

unwise to include too many interaction terms when computational power is limited 

for a short-horizon sample and ‘blanket testing’ may lead to spurious effects (Yan 

and Su, 2009), we examine the effects of two groups of variables (i.e., economic 

integration and market similarity) separately. The results are reported in Table 
3-6A and Table 3-6B for developed markets and emerging markets respectively. 

 

We obtain several interesting findings from Table 3-6A: (1) All interactions of 

economic integration variables and contagion are irrelevant in explaining pairwise 

co-movement for the entire sample, while the Trade*Contagion yields significant 

and negative results for the turmoil period. The findings are a sign for the pure 

contagion hypothesis, which cannot be explained by fundamentals. We can 

notice that the estimates for Position*Contagion are negative but not significant, 

complementing previous studies. Niţoi and Pochea (2019) report that cross-

border banking inflows differential is negatively associated with stock market co-

movements within the European Union when contagion occurs and regard this 

as a flag of wake-up call in the banking sector. In this study, we can’t observe a 

significant flag in percent changes in cross-border banking position. (2) For both 

the whole sample period and the turmoil period, the turnover ratio differential 

negatively affects stock market co-movement during contagion episodes. This 

result indicates that shocks are more easily spread across Chinese and 

developed stock markets that have comparative turnover ratios. 
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Table 3-6A Factors influencing of stock market co-movement during contagion times 
(China vs. developed trading partners) 

Dependent variable: pairwise 
DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

Trade 0.7367* 
(0.4302) 

0.7312* 
(0.4265) 

1.3127** 
(0.6078) 

1.0328* 
(0.5880) 

Production 0.7173*** 
(0.2126) 

0.5076*** 
(0.1305) 

0.4912** 
(0.2171) 

0.3871*** 
(0.1318) 

Money Supply -0.3823 
(0.4183) 

-0.1434 
(0.3602) 

-0.8323 
(0.6333) 

-0.2883 
(0.5477) 

Inflation 1.0384 
(1.3094) 

1.1775 
(1.1966) 

-3.9956* 
(1.7702) 

-3.6659* 
(1.5925) 

Cross-Border Position -0.0407 
(0.1142) 

-0.0636 
(0.1029) 

-0.4665*** 
(0.1735) 

-0.5463*** 
(0.1588) 

Size -0.0318** 
(0.0134) 

-0.0317** 
(0.0133) 

-0.0766** 
(0.0307) 

-0.0832*** 
(0.0310) 

Turnover -0.0343*** 
(0.0044) 

-0.0306*** 
(0.0047) 

-0.0481*** 
(0.0064) 

-0.0333*** 
(0.0067) 

Trade*Contagion -0.1266 
(0.1285) ------ -0.5132*** 

(0.1771) ------ 

Production*Contagion -0.3549 
(0.2646) ------ -0.1809 

(0.2640) ------ 

Money*Contagion 0.7412 
(0.7021) ------ 1.4432 

(1.0667) ------ 

Inflation*Contagion 1.4189 
(2.8925) ------ 0.6512 

(4.0609) ------ 

Position*Contagion -0.0319 
(0.2009) ------ -0.1235 

(0.3111) ------ 

Size*Contagion ------ 0.0063 
(0.0098) ------ 0.0190 

(0.0139) 

Turnover*Contagion ------ -0.0116*** 
(0.0059) ------ -0.0337*** 

(0.0072) 

Constant 0.1911** 
(0.0824) 

0.1802** 
(0.0825) 

0.3678*** 
(0.1374) 

0.3840*** 
(0.1350) 

Country-Pair Fixed YES YES YES YES 

Seasonal Time Fixed (Time 
Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.6887 0.6889 0.8309 0.8345 

F statistics 48.91*** 55.09*** 40.19*** 46.81*** 

Note: The full sample period is from Jan 2012 to Dec 2020, excluding two MIDAS years. The turmoil 
period contains two pieces of time (Jun 2015 - Feb 2016) and (Mar 2018 – Dec 2020). Contagion represents 
the contagion indicator, a monthly dummy variable taking values 1 when contagion is detected during a 
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certain month, 0 otherwise. The interaction terms: Trade*Contagion, Production*Contagion, 
Money*Contagion, Inflation*Contagion, Position*Contagion are included in the regression Eq.(11) to 
examine the effects of economic integration variables during the contagion times. The interaction terms: 
Size*Contagion and Turnover*Contagion are included in the regression Eq.(11) to examine the effects of 
market similarity variables during the contagion times. The ***, **, and * indicate significance at the 1, 5, 
and 10% levels respectively. 
 

Looking at Table3-6B, for both full and sub-samples, the estimate for the 

interaction of contagion indicator and the industrial production differential is 

negative and significant, indicating that divergence in economic growth rates 

reduces stock market co-movement during contagion episodes. The possible 

reason for this is that industrial production growth influences the stock market 

through the cash flow model, and the similarity of growth rates between two 

economies enhances their stock market co-movement (Pretorius, 2002). 

Moreover, there is no indication that stock market characteristics affect co-

movement during the episodes of contagion for the full sample. If we distinguish 

the turmoil period from the full period, we find that the estimate for 

Trade*Contagion is negative and significant, indicating that trade negatively 

affects stock market co-movements between China and emerging partners 

during the contagion episodes. This finding is similar to the negative trade impact 

Mobarek et al. (2016) find among emerging stock markets during the Global 

Financial Crisis, which might be due to portfolio rebalancing (or flight to quality). 

Moreover, the estimate for the interaction term between the contagion indicator 

and market size is negative and significant, implying that divergence in market 

size reduces stock market co-movement under the effect of contagion during the 

turmoil period. Gkillas et al. (2019) suggest that changes in market capitalization 

contribute to contagion in international equity markets via portfolio selection. 
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Table 3-6B Factors influencing stock market co-movement during contagion times 
(China vs. emerging trading partners) 

Dependent variable: pairwise 
DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

Trade 1.5031*** 
(0.4642) 

1.4735*** 
(0.4624) 

4.3603*** 
(0.6958) 

3.9636*** 
(0.6882) 

Production 0.6635*** 
(0.1710) 

0.2956*** 
(0.0806) 

0.6953*** 
(0.2138) 

0.1811** 
(0.0909) 

Money Supply -0.0557 
(0.2807) 

0.0529 
(0.2337) 

-0.6499 
(0.6443) 

0.0199 
(0.4628) 

Inflation 1.5413 
(1.2202) 

1.1861 
(1.0878) 

-3.0803 
(2.2403) 

-3.3993* 
(1.8222) 

Cross-Border Position 0.1926* 
(0.1059) 

0.1618* 
(0.0893) 

-0.5968*** 
(0.1911) 

-0.5124*** 
(0.1351) 

Size -0.3034** 
(0.1392) 

-0.3109** 
(0.1398) 

0.9247*** 
(0.3554) 

0.9740*** 
(0.3537) 

Turnover -0.0406*** 
(0.0040) 

-0.0403*** 
(0.0045) 

-0.0416*** 
(0.0061) 

-0.0472*** 
(0.0069) 

Trade*Contagion  -0.0690 
(0.1505) ------ -0.5074** 

(0.2049) ------ 

Production*Contagion -0.4454** 
(0.1884) ------ -0.6027** 

(0.2330) ------ 

Money*Contagion 0.3364 
(0.4529) ------ 1.0294 

(0.8315) ------ 

Inflation*Contagion -1.0536 
(2.2230) ------ -0.8345 

(3.3056) ------ 

Position*Contagion -0.1156 
(0.1734) ------ 0.1587 

(0.2490) ------ 

Size*Contagion ------ -0.0313 
(0.0213) ------ -0.0999*** 

(0.0290) 

Turnover*Contagion ------ 0.0006 
(0.0075) ------ 0.0153 

(0.0095) 

Constant 0.4377*** 
(0.1102) 

0.4553*** 
(0.1102) 

-0.9316*** 
(0.3153) 

-0.9258*** 
(0.3128) 

Country-Pair Fixed YES YES YES YES 

Seasonal Time Fixed (Time 
Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.4288 0.4205 0.6591 0.6474 

F statistics 16.59*** 18.05*** 15.81*** 17.04*** 

Note: The full sample period is from Jan 2012 to Dec 2020, excluding two MIDAS years. The turmoil 
period contains two pieces of time (Jun 2015 - Feb 2016) and (Mar 2018 – Dec 2020). Contagion represents 
the contagion indicator, a monthly dummy variable taking values 1 when contagion is detected during a 
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certain month, 0 otherwise. The interaction terms: Trade*Contagion, Production*Contagion, 
Money*Contagion, Inflation*Contagion, Position*Contagion are included in the regression Eq. (11) to 
examine the effects of economic integration variables during the contagion times. The interaction terms: 
Size*Contagion and Turnover*Contagion are included in the regression Eq.(11) to examine the effects of 
market similarity variables during the contagion times. The ***, **, and * indicate significance at the 1, 5, 
and 10% levels respectively. 
 
Finally, let us discuss the nature of contagion. On the one hand, for developed 

trading partners (see Table 3-6A), estimates for interactions are primarily 

insignificant. Especially for the full sample, all macroeconomic variables are 

irrelevant to stock market co-movements during periods of contagion, which 

suggests the pure contagion phenomenon i.e. that macroeconomic fundamentals 

do not drive contagion. The interaction of the contagion indicator and turnover 

ratio also supports this phenomenon since when investors’ behaviour is reflected 

by relative turnover velocity between two markets, this is defined as herding. On 

the other hand, emerging trading partners also receive estimation results that 

most interactions are irrelevant in stock market co-movements (see Table 3-6B). 

By contrast, the estimate for industrial production growth rate interaction 

suggests the wake-up call hypothesis (i.e. fundamental contagion hypothesis) for 

the entire sample. Furthermore, the negative impact of trade and market size 

differential may reflect portfolio selection of investors. These findings suggest that 

the intensification of stock market co-movement is explained in part by 

fundamental and pure contagion hypotheses, consistent with the study of Leung 

et al. (2017) on volatility spillover. 

 

3.5 Robustness test 
 
To the best of our knowledge, there are no other commonly accepted methods to 

derive the long-run component of Dynamic Conditional Correlation apart from the 

DCC-MIDAS approach. In this part, we conduct the regression analysis of Eq. (9) 

and Eq. (10), using alternative DCC-MIDAS estimates (or explanatory variables). 

First, we re-treated the dataset to estimate pairwise monthly DCC-MIDAS by 

excluding all common holidays and replacing the returns corresponding to non-

common holidays with zeros. The fixed-span period N is chosen for each pair of 

China and trading partners separately, according to principle that obtained 

monthly DCC-MIDAS estimates cover at least 9*12=108 months after excluding 

the first two years. We regard the estimate first occurring in a particular month as 
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monthly DCC for this month. The regression of re-estimated monthly DCC yields 

similar results as presented in section 3.4.3.1 (see Table C1 and Table C2 in 

Appendix). We also calculate the differential between the Y-o-Y growth rate in 

industrial production and M2 supply to gauge the economic and monetary 

convergences between two economies. Then, we replace the M-o-M growth rate 

differentials with Y-o-Y growth rate differentials in regression analysis and obtain 

similar findings (see Table D1 and Table D2 in Appendix). Finally, the cross-

border banking position is quarterly-frequent, and the method of converting 

quarterly data to monthly data has little influence on results (see Table E1 and 

Table E2 in Appendix). 

 

3.6 Conclusion 
 
This paper investigates the dynamics of, and influencing factors for, stock market 

co-movements between China and its Asia-Pacific trading partners from January 

2012 to December 2020. The DCC-MIDAS approach is employed to evaluate 

time-varying co-movement between stock markets on a long-run basis: weekly 

DCCs for contagion tests and monthly DCCs for regression analyses. Our 

empirical results are summarized as follows: 

 

First, we obtain a considerable range of values for the pairwise co-movements. 

The results reveal that the Chinese stock market is more correlated to Asian 

markets than Pacific markets for the group of developed partners and more 

integrated with East Asian markets for the group of emerging partners. Although 

different pairwise correlations reveal different evolving patterns, increasing trends 

are commonly observed in most pairwise co-movements in mid-2015 and early-

2018. 

 

Second, contagion episodes suggest that stock market co-movements are mainly 

intensified by turbulent events, with a rise in levels of contagion frequency during 

the Shanghai stock market crash, US-China tariff wars, and COVID-19 pandemic. 

However, the findings for developed economies and emerging economies are 

slightly different. There are indications that stock market co-movement between 

China and its developed partners are more sensitive to US-China trade frictions, 
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while those between China and its emerging partners are more influenced by the 

Shanghai stock market crash. 

 

Third, regarding drivers of stock market co-movement, the regression results 

present several regularities: (1) Among common factors, excess illiquidity 

pressure in financial markets leads to increasing co-movements for both the 

whole and turmoil periods. In contrast, an increase in the China ETF volatility 

index has a negative impact on pairwise DCCs under turbulences. Culture 

proximity is also relevant to co-movements for both groups of trading partners. 

(2) For both groups, bilateral trade plays an essential role in driving the pairwise 

dynamic correlations, showing that stronger trade connections lead to enhanced 

co-movement in normal and turmoil times. The stock market co-movement 

between China and its developed partners are positively affected by industrial 

production differential for the whole and turmoil periods, and negatively affected 

by differences in cross-border banking position (% changes) during the periods 

of turmoil. By comparison, the industrial production differential is irrelevant to 

stock market co-movement between China and emerging partners during the 

turmoil period. (3) Similarities in terms of market size and turnover ratio are 

positively associated with stock market co-movement between China and its 

trading partners in both normal and turmoil times. (4) The results for factors 

influencing stock market co-movement during episodes of contagion are mixed. 

For one thing, stock market co-movements between China and partners are 

irrelevant to most economic fundamentals, indicating pure contagion. For another 

thing, stock markets co-movements between China and its emerging partners are 

negatively affected by differences in industrial production growth and market 

sizes. 

 

Financial integration among international stock markets requires attention due to 

its impact on portfolio diversification, assets allocation and risk management. Our 

findings on stock market co-movement between China and its trading partners in 

the Asia-Pacific region have some important implications for policymakers and 

investors participating in capital flows in this region. The evolving patterns, the 

co-movement drivers, and the propagation of contagion provide policymakers 

with insights on the timing of shocks transmitted from the Chinese stock market 
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and potential measures to reduce stock market co-movements. And the positive 

relationship between bilateral trade and stock market co-movement suggests that 

China’s  position in international trade contributes to the rise of its financial power. 

The dynamic correlations are also important for international investors who 

diversify investments across markets to manage their overall risk portfolio. 
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Appendix 
	
Table A Variables description. 

Variable Description Source 
Pairwise 
dynamic 
conditional 
correlation 

The weekly and monthly conditional correlations are 
estimated by the DCC-MIDAS model and then Fisher-
Z transformed to adjust for potential non-normality 
issue in this study. Related references: Colacito et al. 
(2011) 

Authors’ estimates 

Contagion 
indicator 

Dummy variable is equal to 1 if contagion is detected 
during a certain month, 0 otherwise. Related references: 
Buchholz and Tonzer (2016), Nitoi and Pochea (2019) 

Authors’ estimates 

Common Variables 
China 
volatility 
index 

The Chicago Board Options Exchange China ETF 
Volatility Index (VXFXI). Index prices are collected on 
monthly basis. All pairwise conditional correlations 
investigated in this study are exposed to the volatility 
risk of Chinese stock markets since the co-movements 
are all involved with China. Related references: 
Lehkonen (2015) 

Investing.com 

China 
illiquidity 
risk 

The term spread (unit: %) affecting each pairwise 
conditional correlation is the spread between China’s 
long-term 10-year government bond yield and China’s 
the 3-month interbank rate, a proxy for Chinese market 
stress from illiquidity. Related references: 
Christoffersen et al. (2012), Mobarek et al. (2016) 

CEIC database 

Culture 
Proximity 

Dummy variable takes value 1 if the country/region has 
a closer culture distance with China, belonging to the 
bottom 50% in the group when all economies in the 
group are ranked by culture distances from high to low. 
The culture distance is estimated by the following 
equation using the six-dimension cultural scores 
provided by the Hosftede Insights. 
𝐶𝑢𝑙𝑡𝑢𝑟𝑒𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒! =
(∑ 01𝑆𝑐𝑜𝑟𝑒"! − 𝑆𝑐𝑜𝑟𝑒"#$!%&5

' 𝑉𝑎𝑟1𝑆𝑐𝑜𝑟𝑒"57 8(
) )/6 

where 𝑆𝑐𝑜𝑟𝑒"! and 𝑆𝑐𝑜𝑟𝑒"#$!%& denote the value of 
𝑓_𝑡ℎ cultural dimension of country 𝑖 and China 
respectively, 𝑉𝑎𝑟1𝑆𝑐𝑜𝑟𝑒"5 is the variance of values of 
𝑓_𝑡ℎ cultural dimension in our all sample (i.e China and 
its 12 trading partners). Related references: Hosftede 
(1994), Mobarek et al. (2016) 

Website: https://www.hofstede-
insights.com/country-comparison/ 

Economic integration variables 
Bilateral 
Trade [1] 

Average bilateral trade between country 𝑖	and 𝑗 (fixed 
to China). The calculated equation: A1𝑋!* 𝑋!⁄ 5 +
1𝑀!* 𝑀!⁄ 5 + 1𝑋*! 𝑋*⁄ 5 +	1𝑀*! 𝑀*⁄ 5F/4 where 𝑋 is 
exports, 𝑀 is imports, 𝑖𝑗 refers to monthly trading flows 
from country	𝑖 to country	𝑗, 𝑗𝑖 is trade flow from 
country 𝑗 to country	𝑖, 𝑋! and 𝑋* are total exports of 
country	𝑖 and country	𝑗 respectively, while 𝑀! and 𝑀* 
are total imports of country	𝑖 and country	𝑗 respectively. 
Related references: Bracker et al. (1999), Mobarek et al. 
(2016) 

TradingEconomics.com 
 
CSMAR database  
(only for monthly imports/exports data 
of China) 

Industrial 
Production 
M-o-M 
Growth 
Rate 
Differential 
[2] 

H∆𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑖𝑎𝑙	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛!+ −
∆𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑖𝑎𝑙	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛*+H, where 𝑖, 𝑗 stands for 
country	𝑖 and country	𝑗 (fixed to China) during time 𝑡. 
∆𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑖𝑎𝑙	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛!+ is calculated by monthly 
Industrial Production Index: 
∆𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑖𝑎𝑙	𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛!+ = (𝐼𝑃𝐼!+ − 𝐼𝑃𝐼!+,))/
𝐼𝑃𝐼!+,). Related references: Pretorius (2002) 

TradingEconomics.com 
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M2 M-o-M 
Growth 
Rate 
Differential 

H∆𝑀2!+ − ∆𝑀2*+H, where 𝑖, 𝑗 stands for country	𝑖 and 
country	𝑗 (fixed to China) during time 𝑡. ∆𝑀2!+ is 
computed by monthly M2: ∆𝑀2!+ = (𝑀2!+ −
𝑀2!+,))/𝑀2!+,). Related references: Brada et al. 
(2005) 

CEIC database  

Inflation 
Differential 

H𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒!+ − 𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒*+H, where 𝑖, 𝑗 
stands for country	𝑖 and country	𝑗 (fixed to China) 
during time 𝑡. 𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒!+ is calculated by 
monthly Consumer Price Index: 𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒!+ =
(𝐶𝑃𝐼!+ − 𝐶𝑃𝐼!+,))/𝐶𝑃𝐼!+,). Related references: Brada 
et al. (2005) 

TradingEconomics.com 
 

Cross-
Border 
Banking 
Position 
Differential 

H∆𝐺𝑟𝑜𝑠𝑠𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛!+ − ∆𝐺𝑟𝑜𝑠𝑠𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛*+H, where 𝑖, 𝑗 
stands for country	𝑖 and country	𝑗 (fixed to China) 
during time 𝑡. Gross position is the sum of liability and 
claim in banking sector, and ∆𝐺𝑟𝑜𝑠𝑠𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛!+ =
(𝐺𝑟𝑜𝑠𝑠𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛!+ − 𝐺𝑟𝑜𝑠𝑠𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛!+,))/
𝐺𝑟𝑜𝑠𝑠𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛!+,). Related references: Tonzer (2015) 

Bank for International Settlements 
Database 

Stock market similarity variables 
Stock 
Market Size 
Differential 
[3] 

H𝑀𝐶𝑎𝑝!+ −𝑀𝐶𝑎𝑝*+H/𝑀𝐶𝑎𝑝*+, where 𝑖, 𝑗 stands for 
country	𝑖 and country	𝑗 (fixed to China) during time 𝑡, 
where 𝑀𝑐𝑎𝑝!+ is the monthly stock market 
capitalization of country	𝑖 .  Related references: 
Johnson and Soenen (2002), Mobarek et al. (2016) 

The World Federation of Exchanges 
(WFE) 
 

Stock 
Market 
Turnover 
Ratio 
Differential 
[4] 

H𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟!+ − 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟*+H, where 𝑖, 𝑗 stands for 
country	𝑖 and country	𝑗 (fixed to China) during time	𝑡. 
𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟+ is the monthly turnover ratio of total equity 
market, representing the liquidity of stock market. 
Related references: Thomas et al. (2019) 

The World Federation of Exchanges 
(WFE) 
 

Note: [1] We collect monthly trade data of country 𝑖 from the TradingEconomics.com and replenish the incomplete 
data from its official statistics website the TradingEconomics.com refers to. The values are presented in the local 
currency and following the local customs criteria. Meanwhile, the exports/imports data (total & by partner) for China 
is collected from CSMAR database, a comprehensive database for Chinese business research. For Indonesia and 
Malaysia, data are replenished by CEIC dataset since their official website cannot provide complete historical records. 
And from 2020, the monthly trade data of China will not be available for January and February, and instead the 
accumulated amount of the first two months of year will be released by the end of February. We divide the accumulated 
values evenly for January and February. [2] Australia, Hong Kong and New Zealand release the industrial production 
index quarterly. With the assumption that industrial production increases/decreases with the same rate in each month 
for a certain quarter (i.e. (1 + 𝑟-). = 11 + 𝑟/5), we convert the industrial production Q-o-Q growth rate to industrial 
production M-o-M growth rate. Data for Hong Kong, Indonesia and New Zealand are replenished by Census and 
Statistics, CEIC database and OECD database. [3] The stock market capitalization for China is the sum of 
capitalizations of Shanghai and Shenzhen stock exchanges. The stock market capitalization for the United States is the 
sum of capitalization of New York and Nasdaq stock exchanges. [4] The turnover ratio is also known as turnover 
velocity. We collect data mostly from the WFE database, along with monthly stock market reports from Singapore and 
Nasdaq (USA) stock exchanges and CSMAR database. Chinese stock market turnover ratio is the average of monthly 
turnover ratio for Shanghai and Shenzhen stock exchanges. Due to data availability, US stock market turnover ratio is 
approximated by New York & Nasdaq EOB domestic shares and market capitalizations according to the equation 
provided by the WFE Statistics Definitions Manual 2021. 
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Table B1 Parameter estimates for the DCC-MIDAS approach (China v.s. developed 
partners) 

 CN-AU CN-HK CN-JP CN-NZ CN-SG CN-US 
Step 1: univariate volatility process 

 CN AU CN HK CN JP CN NZ CN SG CN US 
𝜇 0.0004 

(0.034) 
0.0003 
(0.028) 

0.0004 
(0.029) 

0.0002 
(0.215) 

0.0004 
(0.063) 

0.0007 
(0.000) 

0.0004 
(0.038) 

0.0006 
(0.000) 

0.0004 
(0.052)  

0.0001 
(0.271) 

0.0004 
(0.042)  

0.0007 
(0.000) 

𝛼 0.0547 
(0.000) 

0.1321 
(0.000) 

0.0516 
(0.000) 

0.0532 
(0.000) 

0.0448 
(0.000) 

0.1987 
(0.000) 

0.0588 
(0.000) 

0.1522 
(0.000) 

0.0571  
(0.000) 

0.0975 
(0.000) 

0.0497 
(0.000)  

0.1822 
(0.000) 

𝛽 0.9286 
(0.000) 

0.8081 
(0.000) 

0.9423 
(0.000) 

0.9110 
(0.000) 

0.9499 
(0.000) 

0.6819 
(0.000) 

0.9160 
(0.000) 

0.6638 
(0.000) 

0.9277 
(0.000)  

0.8671 
(0.000) 

0.9475 
(0.000)  

0.7685 
(0.000) 

𝜃 0.1635 
(0.000) 

0.1079 
(0.000) 

0.1628 
(0.000) 

0.1165 
(0.000) 

0.1400 
(0.000) 

0.1376 
(0.000) 

0.1789 
(0.000) 

0.1275 
(0.000) 

0.1619  
(0.000) 

0.0995 
(0.000) 

0.1481 
(0.000)  

0.1023 
(0.000) 

𝑧̅ 0.0087 
(0.000) 

0.0070 
(0.000) 

0.0113 
(0.000) 

0.0085 
(0.000) 

0.0115 
(0.000) 

0.0094 
(0.000) 

0.0072 
(0.000) 

0.0044 
(0.000) 

0.0091 
(0.000) 

0.0066 
(0.000) 

0.0156  
(0.000) 

0.0080 
(0.000) 

𝜔0) Set to 1 Set to 1 1.0819 
(0.000) 

6.9923 
(0.100) 

5.6992 
(0.006) 

19.138 
(0.008) Set to 1 Set to 1 Set to 1 Set to 1 11.434 

(0.037) 
4.3617 
(0.075) 

𝜔0' 1.0010 
(0.000) 

1.0953 
(0.000) 

9.8385 
(0.000) 

5.9990 
(0.093) 

18.021 
(0.009) 

6.0705 
(0.003) 

1.0367 
(0.000) 

2.8632 
(0.000) 

1.1207 
(0.000) 

1.0010 
(0.000) 

24.411 
(0.043) 

17.724 
(0.080) 

Constraint1 
Satisfied? YES YES YES YES YES YES YES YES YES YES YES YES 

Constraint2 
Satisfied? YES YES YES YES YES YES YES YES YES YES YES YES 

Step 2: dynamic conditional correlation 
𝑎 0.0201 

(0.118) 
0.0189 
(0.063) 

0.0459 
(0.011) 

0.0187 
(0.097) 

0.0271 
(0.020) 

0.0181 
(0.228) 

𝑏 0.5963 
(0.086) 

0.5588 
(0.055) 

0.4621 
(0.057) 

0.8499 
(0.000) 

0.6990 
(0.000) 

0.7007 
(0.045) 

𝜔#) Set to 1 9.7071 
(0.000) 

9.4346 
(0.011) Set to 1 Set to 1 1.0230 

(0.000) 

𝜔#' 1.0294 
(0.000) 

2.8482 
(0.000) 

2.4998 
(0.007) 

1.0010 
(0.000) 

3.0524 
(0.000) 

1.1878 
(0.020) 

Note: CN, AU, HK, JP, NZ, SG, and US denote China, Australia, Hong Kong, Japan, New Zealand, Singapore and 
United States respectively. The sample covers 2010-01-04 until 2020-12-31. When calculating dynamic conditional 
correlations between Chinese and a partner’s stock markets, we exclude the trading days on which either of the two 
markets is closed. And 𝜔0) & 𝜔#) are set to one when two-parameter beta weights are not suitable and replaced by 
one-parameter beta weights. For more details, please refer to the Methodology. 𝜇, 𝛼, 𝛽, 𝜃, 𝑧,̅ 𝜔0), 𝜔0' are parameters of 
Eq.(3)-Eq.(5). 𝑎, 𝑏, 𝜔#), 𝜔#' are parameters of Eq.(6)-Eq.(7). The GARCH-MIDAS process in the first step has a form 
of GARCH(1,1) in Eq.(4), and 𝛼 and 𝛽 may satisfy the moment conditions of GARCH(1,1). Constraint1: 𝛼 + 𝛽 < 1, 
the condition for existence of second moment of GARCH(1,1); Constraint2: 3𝛼' + 2𝛼𝛽 + 𝛽' < 1, the condition for 
existence of fourth moment of GARCH(1,1) (Reference: Ling and McAleer, 2002; Ng and McAleer, 2004). The 
numbers in the parenthesis are P-values of t-statistics. 
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Table B2 Parameter estimates for the DCC-MIDAS approach (China v.s. emerging 
partners) 

 CN-IN CN-ID CN-KR CN-MY CN-TW CN-TH 
Step 1: univariate volatility process 

 CN IN CN ID CN KR CN MY CN TW CN TH 
𝜇 0.0002 

(0.209)  
0.0006 
(0.000)  

0.0005 
(0.011) 

0.0004 
(0.002) 

0.0004 
(0.060) 

0.0003 
(0.018) 

0.0003 
(0.062) 

0.0001 
(0.299) 

0.0002 
(0.321) 

0.0005 
(0.002) 

0.0004 
(0.036) 

0.0004 
(0.004) 

𝛼 0.0567 
(0.000)  

0.1677 
(0.000)  

0.0616 
(0.000) 

0.2155 
(0.000) 

0.0613 
(0.000) 

0.1359 
(0.000) 

0.0698 
(0.000) 

0.1152 
(0.000) 

0.0409 
(0.000) 

0.1350 
(0.000) 

0.0504 
(0.000) 

0.1050 
(0.000) 

𝛽 0.9294 
(0.000)  

0.6545 
(0.000)  

0.9228 
(0.000) 

0.6637 
(0.000) 

0.9146 
(0.000) 

0.7252 
(0.000) 

0.9142 
(0.000) 

0.8163 
(0.000) 

0.9497 
(0.000) 

0.7094 
(0.000) 

0.9466 
(0.000) 

0.8829 
(0.000) 

𝜃 0.1552 
(0.000)  

0.1381 
(0.000)  

0.1759 
(0.000) 

0.1589 
(0.000) 

0.1797 
(0.000) 

0.1391 
(0.000) 

0.2096 
(0.000) 

0.1627 
(0.000) 

0.0761 
(0.138) 

0.1322 
(0.000) 

0.1496 
(0.000) 

0.1450 
(0.000) 

𝑧̅ 0.0095 
(0.000) 

0.0071 
(0.000) 

0.0082 
(0.000) 

0.0069 
(0.000) 

0.0072 
(0.000) 

0.0062 
(0.000) 

0.0060 
(0.000) 

0.0037 
(0.000) 

0.0125 
(0.000) 

0.0064 
(0.000) 

0.0149 
(0.000) 

0.0088 
(0.000) 

𝜔0) Set to 1 Set to 1 Set to 1 Set to 1 Set to 1 Set to 1 Set to 1 Set to 1 Set to 1 Set to 1 16.853 
(0.009) 

1.0429 
(0.000) 

𝜔0' 1.1119 
(0.000) 

13.984 
(0.003) 

1.0010 
(0.000) 

4.3568 
(0.000) 

1.0862 
(0.000) 

3.1704 
(0.000) 

1.1589 
(0.000) 

1.0010 
(0.000) 

1.0712 
(0.008) 

2.3140 
(0.000) 

34.311 
(0.012) 

8.9765 
(0.002) 

Constraint1 
Satisfied? YES YES YES YES YES YES YES YES YES YES YES YES 

Constraint2 
Satisfied? YES YES YES YES YES YES YES YES YES YES YES YES 

Step 2: dynamic conditional correlation 

𝑎 0.0281 
(0.007) 

0.0187 
(0.049) 

0.0490 
(0.002) 

0.0121 
(0.082) 

0.0055 
(0.172) 

0.0197 
(0.025) 

𝑏 0.8599 
(0.000) 

0.8795 
(0.000) 

0.6928 
(0.000) 

0.9306 
(0.000) 

0.9533 
(0.000) 

0.8586 
(0.000) 

𝜔#) Set to 1 Set to 1 Set to 1 Set to 1 Set to 1 1.7766 
(0.075) 

𝜔#' 1.0010 
(0.000) 

2.1396 
(0.001) 

3.0559 
(0.000) 

1.9960 
(0.002) 

1.2438 
(0.000) 

1.0870 
(0.083) 

Note: CN, IN, ID, KR, MY, TW and TH denote China, India, Indonesia, South Korea, Malaysia, Taiwan and Thailand 
respectively. The sample covers 2010-01-04 until 2020-12-31. When calculating dynamic conditional correlations 
between Chinese and a partner’s stock markets, we exclude the trading days on which either of the two markets is 
closed. And 𝜔0)	&	𝜔#)	are	set	to	one	when	two-parameter	beta	weights	are	not	suitable	and	replaced	by	one-
parameter	beta	weights.	For more details, please refer to the Methodology. 𝜇, 𝛼, 𝛽, 𝜃, 𝑧̅, 𝜔0), 𝜔0'	are	parameters	of	
Eq.(3)-Eq.(5).	𝑎, 𝑏, 𝜔#), 𝜔#'	are	parameters	of	Eq.(6)-Eq.(7).	The	GARCH-MIDAS	process	in	the	first	step	has	a	
form	of	GARCH(1,1)	in	Eq.(4),	and	𝛼	and	𝛽	may	satisfy	the	moment	conditions	of	GARCH(1,1).	Constraint1: 𝛼 +
𝛽 < 1 , the condition for existence of second moment of GARCH(1,1); Constraint2: 3𝛼' + 2𝛼𝛽 + 𝛽' < 1 , the 
condition for existence of fourth moment of GARCH(1,1) (Reference: Ling and McAleer, 2002; Ng and McAleer, 
2004). The numbers in the parenthesis are P-values of t-statistics. 
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Table C1 Influencing factors of stock market co-movement between China and its 
developed trading partners (based on re-estimated DCC-MIDAS) 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index -0.0012 
(0.0011)  -0.0102*** 

(0.0014)  

China Term Spread 0.0839*** 
(0.0098)  0.0992*** 

(0.0181)  

Culture 0.1420*** 
(0.0124)  0.2283*** 

(0.0179)  

Trade 1.4762*** 
(0.0932) 

0.4104* 
(0.3697) 

2.0345*** 
(0.1547) 

1.4619*** 
(0.4950) 

Production 0.2798* 
(0.1615) 

0.4719*** 
(0.1275) 

0.4887*** 
(0.1628) 

0.2675* 
(0.1445) 

Money Supply -1.3373** 
(0.3406) 

-0.1221 
(0.2875) 

-1.1100** 
(0.4404) 

-0.3975 
(0.4122) 

Inflation 1.9401 
(1.5325) 

2.3121 
(1.4497) 

1.4193 
(1.9334) 

-1.1892 
(2.1511) 

Cross-Border Position -0.0297 
(0.0812) 

-0.0287 
(0.0778) 

-0.5918*** 
(0.1254) 

-0.5092*** 
(0.1277) 

Size -0.0417*** 
(0.0037) 

-0.0489*** 
(0.0077) 

-0.0197*** 
(0.0069) 

-0.0629*** 
(0.0193) 

Turnover -0.0304*** 
(0.0041) 

-0.0316*** 
(0.0034) 

-0.0050 
(0.0072) 

-0.0356*** 
(0.0071) 

Constant 0.2088*** 
(0.0308) 

0.2863*** 
(0.0692) 

0.2781*** 
(0.0440) 

0.2919*** 
(0.1128) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.6798 0.7118 0.8163 0.8075 

F statistics 63.30*** 67.00*** 49.95*** 42.68*** 
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Table C2 Influencing factors of stock market co-movement between China and its 
emerging trading partners (based on re-estimated DCC-MIDAS) 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index 0.0016 
(0.0010)  -0.0044*** 

(0.0013)  

China Term Spread 0.0497*** 
(0.0077)  0.1064*** 

(0.0156)  

Culture 0.0248*** 
(0.0090)  0.0136* 

(0.0151)  

Trade 1.4423*** 
(0.1404) 

1.6236*** 
(0.4868) 

2.6000*** 
(0.2515) 

4.1262*** 
(0.6971) 

Production -0.0135 
(0.0715) 

0.2854*** 
(0.0777) 

0.0873 
(0.0908) 

0.1372 
(0.0883) 

Money Supply -0.1660 
(0.1829) 

-0.0739 
(0.1866) 

-0.6465 
(0.4002) 

-0.0329 
(0.4603) 

Inflation 0.8525 
(1.0424) 

1.4843 
(1.0136) 

0.2486 
(1.5794) 

-2.6807 
(1.7178) 

Cross-Border Position 0.1999** 
(0.0902) 

0.1196 
(0.0908) 

-0.3168*** 
(0.1135) 

-0.5423*** 
(0.1276) 

Size -0.2248*** 
(0.0497) 

-0.4438*** 
(0.1337) 

-0.1425* 
(0.1035) 

0.9602*** 
(0.3102) 

Turnover -0.0472*** 
(0.0037) 

-0.0390*** 
(0.0038) 

-0.0280*** 
(0.0062) 

-0.0431*** 
(0.0067) 

Constant 0.3744*** 
(0.0522) 

0.5736*** 
(0.0995) 

0.3206*** 
(0.0819) 

-0.9384*** 
(0.2500) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.4558 0.4302 0.6250 0.6281 

F statistics 24.97*** 20.48*** 18.73*** 17.18*** 
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Table D1 Influencing factors of stock market co-movement between China and its 
developed trading partners (Note: Y-o-Y growth rate differentials in Production and 
Money Supply) 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index 0.0007 
(0.0012)  -0.0083*** 

(0.0013)  

China Term Spread 0.0823*** 
(0.0102)  0.0931*** 

(0.0192)  

Culture 0.1630*** 
(0.0140)  0.2733*** 

(0.0193)  

Trade 1.4077*** 
(0.1016) 

0.4290 
(0.3470) 

1.8579*** 
(0.1526) 

0.4456* 
(0.4522) 

Production 0.1550 
(0.1411) 

0.4459*** 
(0.1307) 

0.0760 
(0.1735) 

0.4631*** 
(0.1508) 

Money Supply -1.1599*** 
(0.2045) 

-0.5351*** 
(0.2073) 

-1.1972*** 
(0.2619) 

-1.5652*** 
(0.2818) 

Inflation 0.7759 
(1.4218) 

1.5378 
(1.3540) 

-0.5173 
(1.7477) 

-3.4724** 
(1.7349) 

Cross-Border Position 0.0005 
(0.0876) 

-0.0581 
(0.0871) 

-0.4519*** 
(0.1313) 

-0.2292** 
(-0.1163) 

Size -0.0365*** 
(0.0039) 

-0.0287*** 
(0.0059) 

-0.0215*** 
(0.0082) 

-0.1110*** 
(0.0177) 

Turnover -0.0379*** 
(0.0048) 

-0.0331*** 
(0.0039) 

-0.0117 
(0.0081) 

-0.0428*** 
(0.0068) 

Constant 0.2073*** 
(0.0309) 

0.2177*** 
(0.0639) 

0.3000*** 
(0.0420) 

0.6134*** 
(0.1004) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.6606 0.6885 0.8046 0.8350 

F statistics 11.60*** 10.65*** 46.29*** 51.50*** 
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Table D2 Influencing factors of stock market co-movement between China and its 
emerging trading partners (Note: Y-o-Y growth rate differentials in Production and 
Money Supply) 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index 0.0011 
(0.0010)  -0.0061*** 

(0.0010)  

China Term Spread 0.0474*** 
(0.0076)  0.1158*** 

(0.0150)  

Culture 0.0376*** 
(0.0093)  0.0338** 

(0.0136)  

Trade 1.4280*** 
(0.1310) 

1.4906*** 
(0.4692) 

2.5857*** 
(0.2163) 

4.0790*** 
(0.6879) 

Production 0.2035** 
(0.0995) 

0.3258*** 
(0.0972) 

0.1172 
(0.1131) 

0.0754 
(0.1159) 

Money Supply -0.1292 
(0.0861) 

-0.3315*** 
(0.1043) 

-0.1480 
(0.2034) 

-0.8500*** 
(0.2145) 

Inflation 0.1742 
(1.0662) 

0.8753 
(1.0075) 

-0.6518 
(1.5532) 

-2.7857 
(1.8570) 

Cross-Border Position 0.1809** 
(0.0903) 

0.1094 
(0.0897) 

-0.3323*** 
(0.1039) 

-0.5027*** 
(0.1250) 

Size -0.2132*** 
(0.0493) 

-0.3340** 
(0.1354) 

-0.2107** 
(0.0942) 

0.7122** 
(0.2938) 

Turnover -0.0465*** 
(0.0037) 

-0.0401*** 
(0.0037) 

-0.0232*** 
(0.0055) 

-0.0366*** 
(0.0059) 

Constant 0.3669*** 
(0.0512) 

0.4857*** 
(0.1010) 

0.4075*** 
(0.0767) 

-0.6954*** 
(0.2464) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.4585 0.4282 0.6686 0.6336 

F statistics 25.24*** 20.32*** 22.67*** 17.59*** 
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Table E1 Influencing factors of stock market co-movement between China and its 
developed trading partners (with an alternative method of converting quarterly to monthly 
frequency) 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index -0.0010 
(0.0012)  -0.0123*** 

(0.0014)  

China Term Spread 0.0818*** 
(0.0103)  0.0752*** 

(0.0190)  

Culture 0.1442*** 
(0.0137)  0.2433*** 

(0.0188)  

Trade 1.4870*** 
(0.1007) 

0.7338** 
(0.3594) 

1.8530*** 
(0.1545) 

0.9838* 
(0.5033) 

Production 0.2867* 
(0.1644) 

0.4779*** 
(0.1193) 

0.6903*** 
(0.1691) 

0.3096** 
(0.1431) 

Money Supply -1.4246*** 
(0.3671) 

-0.1738 
(0.3125) 

-1.0019* 
(0.5163) 

-0.2378 
(0.4657) 

Inflation 0.8449 
(1.5509) 

1.2412 
(1.4406) 

0.2797 
(1.8583) 

-2.8241 
(1.9841) 

Cross-Border Position 0.0037 
(0.0704) 

0.0343 
(0.0611) 

-0.4561*** 
(0.1037) 

-0.2777*** 
(0.0948) 

Size -0.0414*** 
(0.0037) 

-0.0324*** 
(0.0056) 

-0.0309*** 
(0.0072) 

-0.0719*** 
(0.0184) 

Turnover -0.0329*** 
(0.0046) 

-0.0337*** 
(0.0038) 

-0.0091 
(0.0081) 

-0.0472*** 
(0.0073) 

Constant 0.2079*** 
(0.0329) 

0.1841*** 
(0.0654) 

0.3678*** 
(0.0449) 

0.3666*** 
(0.1106) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.6517 0.6867 0.8082 0.8138 

F statistics 55.79*** 59.48*** 47.35*** 44.47*** 
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Table E2 Influencing factors of stock market co-movement between China and its 
emerging trading partners (with an alternative method of converting quarterly to monthly 
frequency) 

Dependent variable: 
pairwise DCC-MIDAS 

Full sample 
Estimates (std error) 

Turmoil period 
Estimates (std error) 

 I II III IV 

China VXFXI Index 0.0017 
(0.0010)  -0.0068*** 

(0.0011)  

China Term Spread 0.0527*** 
(0.0079)  0.1117*** 

(0.0145)  

Culture 0.0369*** 
(0.0091)  0.0287** 

(0.0134)  

Trade 1.3963*** 
(0.1333) 

1.3603*** 
(0.4755) 

2.6667*** 
(0.2190) 

4.0351*** 
(0.6949) 

Production -0.0541 
(0.0798) 

0.2598** 
(0.0865) 

0.1374 
(0.0979) 

0.1245 
(0.0963) 

Money Supply -0.0443 
(0.1700) 

0.0369 
(0.1701) 

-0.6423* 
(0.3772) 

-0.2143 
(0.4408) 

Inflation 0.4817 
(1.0399) 

1.2284 
(1.0043) 

-0.8004 
(1.4349) 

-2.9387* 
(1.7542) 

Cross-Border Position 0.1973** 
(0.0785) 

0.1107 
(0.0775) 

-0.3120*** 
(0.0879) 

-0.4730*** 
(0.0970) 

Size -0.2033 
(0.0500) 

-0.3418*** 
(0.1344) 

-0.2311*** 
(0.0922) 

0.8753*** 
(0.2967) 

Turnover -0.0485*** 
(0.0037) 

-0.0402** 
(0.0037) 

-0.0192** 
(0.0057) 

-0.0393*** 
(0.0064) 

Constant 0.3573*** 
(0.0512) 

0.4940*** 
(0.1011) 

0.4251*** 
(0.0737) 

-0.8774*** 
(0.2408) 

Country-Pair Fixed NO YES NO YES 

Seasonal Time Fixed 
(Time Dummies) YES YES YES YES 

No. of observations 648 648 258 258 

R-squared 0.4525 0.4140 0.6735 0.6202 

F statistics 24.64*** 19.17*** 23.18*** 16.61*** 
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Chapter 4 A comparative analysis of the impact of 
Chinese and US economic policy uncertainty on stock 
volatility: Evidence from major global markets 

 

4.1 Introduction 
 
After experiencing several decades of remarkable economic growth, China 

overtook Japan to become the world’s second-largest economy in 2010. Since 

then, discussions about China’s influence on the global economy has been 

prevalent. A popular point of view is that the rise of China is challenging US 

economic hegemony (Subramanian, 2011). The achievements of China’s 

“opening-up” reforms are noticeable, particularly the emergence of China in 

global trade (Nicita and Razo, 2021). Recent efforts of the Chinese government 

to initiate and lead international cooperation, such as the “One Belt One Road” 

initiative, (Yu, 2017) further reinforce this view. Thus, the comparison between 

Chinese and US influence is becoming intriguing. Moreover, since a superpower 

(like the US) is always key to the stability of the global financial system, economic 

success in China encourages scholars to review its influence on financial markets, 

especially stock markets. The rapid development of the Shanghai stock market 

is accompanied by a higher level of integration with other markets (e.g., Burdekin 

and Siklos, 2012; Li, 2012; etc.). An outcome from this integration is that stock 

turbulence in China is transmitted to other economies (e.g., Ahmed and Huo, 

2019; Zhou et al., 2012; etc.). A further question arises here: has the influence of 

China on international stock markets increased compared to that of the US? 

Some scholars answer this question by investigating the spillovers from Chinese 

stock markets to major global stock markets and comparing them with those from 

the US (e.g., Chow, 2017; Neil et al., 2012; Kim et al., 2015; Shu et al., 2018; 

etc.). Previous studies mainly focus on the transmission of shocks across stock 

index return or volatility.  

 

However, the linkages between stock market indices cannot reflect how an 

influential economy imposes pressure on regional or global stock markets when 
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inducing instability in the economic environment. This kind of instability is largely 

related to policy uncertainty as governments shape the economic environment 

through polices (Pástor and Veronesi, 2012). International integration exposes 

each country to the influences of other countries’ policies, particularly that of a 

leading country (IMF, 2013). Previous studies have proven the existence of the 

impact of policy uncertainty on stock market performance. Pástor and Veronesi 

(2012, 2013) is the first study to theoretically analyze how policy uncertainty 

affects stock price and volatility by developing a general equilibrium model.  

 

Earlier theorists focus on the effect of fiscal policy uncertainty on asset prices (e.g. 

Sialm, 2009), while Pástor and Veronesi interpret the changes policies broadly 

as government actions that alter the economic environment. Their theoretical 

works contribute to the asset pricing theory in terms of how policy uncertainty and 

political news affect asset prices. Bayesian learning is featured in their modeling 

techniques. As mentioned in Pástor and Veronesi (2012), from basic financial 

theory, falls in stock prices with increasing policy uncertainty can be contributed 

by two effects: negative changes in cash flows; increases in discount rates. Since 

the impact of new policies is more uncertain, policy changes raise the volatility of 

the stochastic discount factor. As a result, risk premia go up and stock returns 

become more volatile.  

 

Furthermore, Baker et al. (2016) 28  propose to build an economic policy 

uncertainty (EPU) index by estimating the frequency of newspaper coverage of 

articles on policy-related economic uncertainty. This measure based on news is 

the most direct proxy for policy uncertainty in the context of Pástor and Veronesi 

(2013)’s model in which news shocks are beyond other economic state variables 

(Brogaard and Detzel, 2015). The modelling of Pástor and Veronesi (2013) allows 

that stock prices respond to the stream of news relevant to government policies. 

And it is shown that stock prices fluctuate as investors change their anticipations 

about government policies, which add to stock volatility. Regarding the investor 

response to the public news, several streams of literature can provide theoretical 

 
28 Before Baker et al. (2016) , the manuscript (i.e. Baker et al. (2013)) along with the relevant 
dataset had been available online. And therefore, there are some publications before 2016 
referring to this news-based measure. 
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supports, including psychology-based asset-pricing theory (Hirshleifer, 2001) and 

microstructure theory exploring how assets are exchanged under explicit trading 

rules (O’ Hara, 1998). Some theoretical studies further distinguish the effect of 

“bad” and “good” news (e.g. Veronesi, 1999). In this paper, the EPU index is a 

proxy for the intensity of news shocks that reflect the level of policy uncertainty, 

without being classified. 

 

Many scholars have utilized the news-based EPU index as a proxy in empirical 

studies to confirm the effect of policy uncertainty on the stock market. Most of 

them explore the relationship between a country’s EPU and its local stock market. 

It is reported that an increase in the level of the EPU index is associated with a 

decrease in stock returns (e.g., Balcilar et al., 2019; Brogaard and Detzel, 2015; 

Chiang, 2019; Huang and Liu, 2022; Phan et al., 2018; Xu et al., 2021; You et al., 

2017; etc.), and an increase in stock market volatility (e.g., Duan et al., 2018; Liu 

and Zhang, 2015; Wang et al., 2020; etc.). A few scholars notice the transnational 

effect of EPU and mostly focus on the influence of the US. The US EPU is often 

regarded as a common uncertainty factor that affects other countries’ stock 

market returns (e.g., Ahmad and Sharma, 2018; Christou et al., 2017; Hu et al., 

2018; Li et al., 2020; etc.) and volatilities (e.g., Mei et al., 2018; Su et al., 2019; 

etc.). Fewer scholars have noted the impact of Chinese EPU on stock markets in 

other countries (see Tsai, 2017; Zhang et al., 2019). It is apparent that the US 

always plays an important role in stabilizing the global markets. However,  the 

increasing influence of China is an emerging power and its policy uncertainty 

risks in the global investment environment have not yet received sufficient 

attention from scholars.  

 

This paper aims to contribute to the extant literature in the field from two 

perspectives. First of all, it enriches empirical studies on the international impact 

of Chinese policy uncertainty (proxied by its EPU index). It investigates whether 

Chinese EPU influences the realized volatility of major stock markets, including, 

but not restricted to, Asian markets. As one of two previous studies close to our 

work, Tsai (2017) considers the EPU indices of four large economies when 

estimating the conditional volatility of global stock indices. Compared to the 

conditional volatility, the realized volatility is a non-parametric measure to 
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describe the market's actual price movements (risk). In previous studies, the 

financial power of China is usually regarded as a regional factor in Asia (e.g., Shu 

et al., 2018; Zhong and Liu, 2021; etc). In this study, targeted stock markets are 

selected based on the ranking of market capitalizations. These stock markets are 

all popular destinations for international capital and not all are located in Asia. 

This allows us to see whether the influence of China is related to regional 

proximity. 

 

According to Statista’s 29  ranking list, 13 out of the top 15 stock exchange 

operators, based on market capitalization as of December 2021, belong to eleven 

economies30: United States, China, Japan, Hong Kong31, United Kingdom, India, 

Canada, Saudi Arabia, Germany, Switzerland and South Korea. The other two 

operators are Euronext and Nasdaq Nordic & Baltics, which comprise a series of 

stock exchanges in Europe. Among the markets included in these two pan-

European bourses, the stock market in France is the largest and the only one 

larger than Switzerland’s stock market. Therefore, we also consider the French 

stock market. And due to data unavailable for the Saudi stock market from our 

data source, we cannot consider this market in our empirical analyses. 

Specifically, we collect benchmark indices data for stock markets in eleven 

economies. To clearly carry out our discussions, these indices are classified into 

two categories according to market location: a group of Asian stock markets (in 

China, Hong Kong, India, Japan, and South Korea); and a group of non-Asian 

stock markets (in Canada, France, Germany, Switzerland, the UK, and the US).  

 

Secondly, we compare the influence of Chinese EPU and US EPU on the same 

set of stock markets at both daily and monthly frequencies. Zhang et al. (2019) is 

the other study close to our work. The authors compare spillovers from Chinese 

and US EPU indices to the Dow Jones Global Stock Index. Both Tsai (2017) and 

Zhang et al. (2019) only utilize monthly EPU in their empirical estimations. 

However, market agents can react to policy-driven news shock quickly. For 

 
29 https://www.statista.com/statistics/270126/largest-stock-exchange-operators-by-market-
capitalization-of-listed-companies/  
30 The US and China have two stock exchanges on the list respectively. 
31 As a common practice, mainland China (denoted as China) and Hong Kong (the Special 
Administrative Region of China) are regarded as two individual economies in Asia. 
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instance, daily US EPU is found to be priced in stock returns for emerging 

markets (see Hu et al., 2018). Furthermore, employing both daily and monthly 

EPU indices allows us to evaluate the relative importance of both short-term and 

long-term effects of policy uncertainty (Bartsch, 2019). As for daily EPU in China 

and the US, we take the dynamics of observations in the first quarter of our 

sample as an example (see Figure 4-1)32. It is observed that China and the US 

do not share a highly synchronous pattern of changes in EPU levels despite 

similar decreasing/increasing trends on some dates. This implies that each 

economy has its own pace of carrying out their economic policies although 

common shocks appear sometimes. The divergence in Chinese and US EPU 

indices helps us to accomplish our goals of conducting a comparative analysis. 

 

 
Figure 4-1 The dynamics of daily Chinese EPU and daily US EPU (01/01/2000-
31/03/2000) 

This study attempts to provide a detailed comparison by considering EPU shocks 

from two different perspectives. Specifically, inspired by previous studies, we 

employ two methods to carry out our analyses. On the one hand, a considerable 

part of economic policy uncertainty comes from events that are exogenous to 

stock market volatility. We incorporate EPU levels as exogenous shocks into the 

autoregressions of realized variance (volatility) (e.g., Duan et al., 2018; Li et al., 

2019; Liu and Zhang, 2015; etc.). On the other hand, stock market volatility is an 

important source of economic policy uncertainty and therefore they are 

 
32 Huang and Luk (2020) follow compilation strategy of Baker et al. (2016) to construct daily EPU 
in China. The observations are available from 1 January 2020. More details are explained in the 
Data section. 
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endogenous to some extent. We examine spillovers among them by applying the 

Diebold and Yilmaz (DY) framework onto the vector autoregression of 

endogenous variables including realized volatility and EPU indices (e.g., Ma et 

al., 2022; Wang et al. 2020; etc.). And it is suitable to discuss the transnational 

impact of international EPU on a single country in the context of financial 

integration (Ma et al., 2022). 

 

The purpose of the comparative analysis in this paper is twofold. The first is to 

show when policy uncertainty in leading economies has a significant effect on 

global stock market volatility. Both Tsai (2017) and Zhang et al. (2019) employ 

full sample analysis. In this paper, the whole sample period is divided into sub-

periods and the impacts of Chinese and US EPU are examined during each sub-

period. We are interested in whether the influence of the US overwhelms that of 

China during the GFC period; and whether there is any sign of an outstanding 

influence of China after the GFC. Furthermore, the rolling window of DY 

framework allows us to observe time-varying spillovers under various periods of 

turmoil including the COVID-19 pandemic. The second purpose is to investigate 

how different stock markets react to influential EPUs. Shu et al. (2018) report 

different levels of being affected across different countries in their investigation of 

Asian financial markets’ reactions to Chinese and US equity shocks. In this study, 

instead, we focus on shocks due to policy uncertainty. It attempts to identify which 

markets respond more to US EPU and which markets more closely follow the 

Chinese EPU. 

 

The remainder of this paper is structured as follows: the methodology and data 

are presented in Sections 4.2 and 4.3, respectively, and then the empirical results 

and robustness checks are discussed in Sections 4.4 and 4.5, respectively. The 

conclusion and main findings are set out in Section 4.6. 
 

4.2 Methodology 
 

4.2.1 Realized variance (volatility)  
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According to pioneering studies (Andersen and Bollerslev, 1998; Andersen et al., 

2001a, 2001b), the integrated variance on a day can be approximated by the sum 

of intraday squared returns (i.e. realized variance (𝑅𝑉 )), with the following 

specification: 

 

𝑅𝑉 =}𝑟!&
5

!4$

(1) 

 

(Note: 1 𝑛⁄  is the sampling frequency for a trading day).  

 

Liu et al. (2015) compare the empirical accuracy of various estimators of asset 

price variance based on high-frequency data and find little evidence supporting 

that any measure significantly outperforms the 5-min 𝑅𝑉. Therefore, we use 5-

min frequency intraday stock market returns when calculating the daily 𝑅𝑉. 

 

In this paper, for a specific day 𝑑, 𝑅𝑉D =	∑ 𝑟D,-&5
-4$ , and corresponding realized 

volatility (𝑅𝑉𝑜𝑙) is: 𝑅𝑉𝑜𝑙D = T𝑅𝑉D. Besides, following previous studies (e.g., Ma 

et al., 2022) to get rid of the influence that some months contain more trading 

days than other months, monthly 𝑅𝑉𝑜𝑙 is calculated as: 

 

𝑅𝑉𝑜𝑙2 = 1 ℎ⁄ ∗}𝑅𝑉𝑜𝑙D

E

D4$

(2) 

where ℎ is the number of trading days in month 𝑚.  

 
4.2.2 Volatility Models 
 
4.2.2.1 The HAR model of daily volatility 
 
Corsi (2009) originally proposes to take account of volatility persistence over different 

time horizons by the Heterogenous Autoregressive (HAR) model. The author presents 

the standard HAR model for the realized volatility, and states that the analogous model 

can be written for the realized variance. In this paper, we employ the standard HAR model 

based on variance rather than volatility in order to better introduce its extensions. The 

superior performance of HAR in modelling daily realized volatility is well-documented 
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in previous studies (e.g., Andersen et al., 2011; Bollerslev et al., 2016). To obtain more 

robust results across model specifications, we follow previous studies (e.g., Duan et al., 

2018; Liu and Zhang, 2015) to employ multiple types of the HAR model including the 

original one.  

 
According to Corsi (2009), the standard HAR-RV regresses 𝑅𝑉D on three terms: the past 

1-day, 5-day, and 22-day average realized variances (see Eq.(3)). 

 
𝑅𝑉D = 𝑐 + 𝛽$𝑅𝑉D)$ + 𝛽F𝑅𝑉𝑊[D)H,D)$] + 𝛽2𝑅𝑉𝑀[D)&&,D)$] + 𝜀D (3) 

where 𝑅𝑉𝑊[D)H,D)$] =
$
H
∑ 𝑅𝑉#54D)$
#4D)H  and 𝑅𝑉𝑀[D)&&,D)$] =

$
&&
∑ 𝑅𝑉#54D)$
#4D)&&  . 

 
Patton and Sheppard (2015) extend the standard HAR-RV model using signed realized 

measures. The first extension (HAR-RV-RSV) distinguishes the effect of negative lagged 

variance and positive lagged variance33. It has the following specification:  

 
𝑅𝑉D = 𝑐 + 𝛽$0𝑅𝑆𝑉D)$0 + 𝛽$)𝑅𝑆𝑉D)$) + 𝛽F𝑅𝑉𝑊[D)H,D)$] + 𝛽2𝑅𝑉𝑀[D)&&,D)$] + 𝜀D (4) 

where 𝑅𝑆𝑉D)$0 =	∑ 𝑟D)$,-&5
-4$ 𝐼�𝑟D)$,- > 0� and 𝑅𝑆𝑉D)$) = ∑ 𝑟D)$,-&5

-4$ 𝐼{𝑟D)$,- < 0}. 

 
The second extension (HAR-RV-SJ) considers the signed jump variation and an estimator 

of the variance due to the continuous part (bipower variation) to capture “leverage effect” 

(see Eq. (5)). 

 
𝑅𝑉D = 𝑐 + 𝛽-𝑆𝐽D)$ + 𝛽J𝐵𝑉D)$ + 	𝛽F𝑅𝑉𝑊[D)H,D)$] + 𝛽2𝑅𝑉𝑀[D)&&,D)$] + 𝜀D (5) 

where 𝑆𝐽D)$ = 𝑅𝑆𝑉D)$0 − 𝑅𝑆𝑉D)$)  and 𝐵𝑉D)$ = 𝜇$)&∑ �𝑟D)$,-�5
-4& �𝑟D)$,-)$�, with	𝜇$ =

T2 𝜋⁄ . 

 
The simplicity of HAR-RV model allows to easily incorporate economic variables (Corsi, 

2009). This paper focuses on in-sample effect rather than forecasting ability of EPU to 

influence stock market volatility. According to Baker et al. (2016), a country’s EPU index 

is built on newspaper coverage frequency during a period (day/month) at local time. 

China (mainland) and Hong Kong are in the same time zone (i.e. UTC+8), while India, 

Japan and South Korea are in the time zones close to UTC+8. Hence, we consider the 

 
33 Barndorff-Nielsen et al. (2010) is the first to introduce realized semi-variances, 𝑅𝑆𝑉I and 𝑅𝑆𝑉", 
to capture the variance only due to positive or negative returns. And these two estimators provide 
a complete decomposition of 𝑅𝑉, that is, 𝑅𝑉 = 𝑅𝑆𝑉I + 𝑅𝑆𝑉". 
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contemporary effect of daily Chinese EPU on Chinese and other four Asian stock markets 

under arguments similar to those proposed by Bartsch (2019): the daily newspaper used 

in the EPU index are typically published in the morning; and market participants can be 

influenced by information emanating during the hours of trading. Besides, the time zones 

for Canada, France, Germany, Switzerland, United Kingdom and United States are much 

behind UTC+8. The same-day newspaper information in China is already available 

before their stock markets open. However, the US time zone is significantly behind those 

for Asian stock markets. For a specific day 𝑑, Asian stock markets may react to Chinese 

EPU on day 𝑑	but unlikely react to US EPU on day 𝑑. 

 
Therefore, we incorporate the contemporary (i.e. the same-day) and lagged (i.e. one-day-

earlier) levels of Chinese EPU into the standard HAR-RV, HAR-RV-RSV and HAR-RV-

SJ models for each market 𝑖, while only the US EPU values from the day prior are 

incorporated into the above-mentioned models (see Eq. (6.1-6.3)). These three new-

created models are named as HAR-RV-EPU, HAR-RV-RSV-EPU and HAR-RV-SJ-

EPU respectively in this research. The Breusch-Pagan (1979) and Durbin-Watson (1950, 

1951) statistics tests are applied onto each set of standard OLS regression to see whether 

the covariance correction (HC or HAC) should be employed34. 

 
𝑅𝑉0,1 = 𝑐 + 𝛽2𝑅𝑉0,1#2 + 𝛽3𝑅𝑉𝑊0,[1#5,1#2] + 𝛽7𝑅𝑉𝑀0,[1#88,1#2] +1𝜃9,:𝐸𝑃𝑈;<,1#:

2

:/=

+ 𝜃>,2𝐸𝑃𝑈?@,1#2 + 𝜀0,1	 (6.1) 

 
𝑅𝑉0,1 = 𝑐 + 𝛽2)𝑅𝑆𝑉0,1#2) + 𝛽2#𝑅𝑆𝑉0,1#2# + 𝛽3𝑅𝑉𝑊0,[1#5,1#2] + 𝛽7𝑅𝑉𝑀0,[1#88,1#2] +1𝜃9,:𝐸𝑃𝑈;<,1#:

2

:/=

+ 𝜃>,2𝐸𝑃𝑈?@,1#2 + 𝜀0,1 (6.2) 

 

𝑅𝑉0,1 = 𝑐 + 𝛽A𝑆𝐽0,1#2 + 𝛽B𝐵𝑉0,1#2 + 	𝛽3𝑅𝑉𝑊0,[1#5,1#2] + 𝛽7𝑅𝑉𝑀0,[1#88,1#2] +1𝜃9,:𝐸𝑃𝑈;<,1#:

2

:/=

+ 𝜃>,2𝐸𝑃𝑈?@,1#2 + 𝜀0,1 (6.3) 

 
4.2.2.2 The AR model of monthly volatility 
 
The HAR model is not suitable for empirical analyses of monthly data. We replace 

it with the AR(1) for monthly realized volatility (𝑅𝑉𝑜𝑙2) for two reasons: The HAR 

model for the unobserved partial volatility process at monthly scale is AR(1) 

(Corsi, 2009); and the AIC criterion also indicates the choice of one lag. We 

 
34 The null hypothesis of the Breusch-Pagan test: homoscedasticity is presented (the residuals of 
a linear regression are distributed with equal variance). The null hypothesis of the Durbin-Watson 
test: no first-order autocorrelation exist in residuals of a linear regression. The “HC” is abbreviation 
for heteroscedasticity consistent; “HAC” for heteroscedasticity and autocorrelation consistent. 
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incorporate levels of Chinese and US EPU indices into the AR(1) of 𝑅𝑉𝑜𝑙2. Like 

Tsai (2017), the objective of our analyses is to compare the “overall” effect35 of 

an influential EPU with that of other influential EPUs and therefore we solely 

incorporate the EPU indices of interest into the monthly volatility models of 

international stock markets. 

 

Since stock market performance and policy-related uncertainty information are 

considered during a period of longer than a day (that is, a month), 

nonsynchronous trading hours no longer seriously matter. Hence, for both 

Chinese and US EPU indices, contemporary terms are included to reflect the 

availability of the same-month newspaper information, while the lagged terms are 

added for market adjustments (see Eq.(7), named as the AR-RVol-EPU model). 

 

𝑅𝑉𝑜𝑙!,2 = 𝛼 + 𝛾$𝑅𝑉𝑜𝑙!,2)$ +}𝜑K:,'𝐸𝑃𝑈K:,2)'

$

'4.

+}𝜑LM,'𝐸𝑃𝑈LM,2)'

$

'4.

+ 𝜀!,2 (7) 

 
4.2.3 The spillover index proposed by Diebold and Yilmaz 
 
Diebold and Yilmaz (2009, 2012) develop a method to measure return and 

volatility spillovers across financial assets using the forecast error variance 

decomposition (FEVD) of vector autoregressions (VARs). Diebold and Yilmaz 

(2015) summarize their published papers and suggest that this method is not 

restricted to financial assets and can be applied to examine spillovers (or 

connectedness) between various economic variables. Under the DY framework, 

the pairwise directional spillover index 𝛿!-(𝐻) can be defined by the fraction of the 

H-step-ahead forecast error variance of 𝑥! due to shocks in 𝑥- , ∀𝑗 ≠ 𝑖. 

 

Let’s consider a covariance stationary 𝑁-variable VAR(p)36: 

 
35 All channels by which EPU in a leading economy captures the influence on the stock market 
volatility are comprised in the “overall” effect. 
36 In practice, time series are allowed to have a constant (i.e. drift) and a linear (deterministic) 
trend (Diebold and Yilmaz, 2015). In this study, many sub-samples at monthly frequency are more 
significantly stationary with drift and trend according to the Augmented Dickey-Fuller (ADF) test 
as well as the Phillips-Perron (PP) test. Meanwhile, daily variables are strongly stationary during 
each sub-period under all conditions (without constant & trend, with constant, and with constant 
& trend). And the estimates of constant and trend are often statistically significant. We attempt to 



 95 

 

𝑋# =}𝜙!

N

!4$

𝑋#)! + 𝑢# (8) 

where 𝑋# is a 𝑁-dimensional vector of endogenous variables 𝑥$#, 𝑥&#,…, 𝑥:#, and 

𝑢#~(0, Σ) is a vector of independent and identically distributed disturbances.  

 

The VAR(p) model in Eq. (8) can be written as 𝜙(𝐿)𝑋# =  𝑢# , where 𝜙(𝐿) =

q𝐼: − 𝜙$𝐿 −⋯− 𝜙N𝐿Nr is the 𝑁 × 𝑁 matrix lag-polynomial with 𝐼: identity matrix. 

Due to covariance stationary, the moving average representation of the VAR 

exists: 

 

𝑋# = 𝜓(𝐿)𝑢# (9) 

where 𝜓(𝐿)  is a matrix of infinite lag polynomials and can be calculated 

recursively: 𝜙(𝐿) = [𝜓(𝐿)])$ . It needs to be approximated with the moving 

average coefficients 𝜓E calculated at ℎ = 1,… ,𝐻 horizons. 

 

It is noteworthy that a shock to a variable in the model usually does not appear 

alone, and Σ is the covariance matrix of error vector 𝑢# in the non-orthogonalized 

VAR. 

 

To decompose forecast-error-variance, the standard approach in Diebold and 

Yilmaz (2009) relies on the Cholesky factorization, a method traced back to Sims 

(1980), to transform the correlated shocks to orthogonality. In the orthogonal 

system, the variance decomposition is easily achieved since the variance of a 

weighted sum is an appropriately weighted sum of variances. The drawback of 

this approach is that the Cholesky factorization may be sensitive to the ordering 

of variables. Further, Diebold and Yilmaz (2012) propose using the generalized 

VAR framework of Koop et al. (1996) and Pesaran and Shin (1998) to produce 

variance decompositions independent of ordering.  

 

The generalized variance decomposition (GVD) has entries: 

 
compare spillovers across different sub-samples. Therefore, we uniformly apply the VAR with 
constant and trend onto stationary sub-samples. 
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𝜃!-(𝐻) 	=
𝜎--)$ ∑ a𝑒!(𝐴EΣ𝑒-c

&O)$
E4.

∑ (𝑒!(𝐴EΣ𝐴E( 𝑒!)O)$
E4.

(10) 

where H is the forecast step, Σ is the covariance matrix for the error vector 𝑢, 𝜎-- 

is the standard deviation of the error term for the 𝑗𝑡ℎ  variable. And 𝑒!  is the 

selection vector with 𝑖𝑡ℎ  element equal to one and zero otherwise. 𝐴E  is the 

coefficient matrix multiplying the ℎ-lagged error vector in the moving-average 

representation of the non-orthogonalized VAR.  

 

Since the GVD does not require orthogonality, sums of forecast error variance 

contributions (i.e. ∑ 𝜃!-(𝐻):
-4$ ) are not necessarily equal to one. And we usually 

normalize the entries by the row sums of the variance decomposition matrix to 

calculate spillover indexes: 𝛿!-(𝐻) = 	𝜃!-(𝐻)/∑ 𝜃!-(𝐻):
-4$ . 

 

According to Diebold and Yilmaz (2015), both identification methods are 

statistically motivated and have different restrictions. On the one hand, when 

adopting the Cholesky factorization, it is advisable to check results for all of the 

𝑁! possible orderings. For large numbers of 𝑁, the work of checking is onerous. 

On the other hand, the GVD framework is dependent on an additional assumption, 

that is, it accounts for correlated shocks using the historically observed error 

distribution under a normality assumption. Therefore, the generalized method is 

more suitable for assessing connectedness between variables of which 

distributions are closer to Gaussian. 

 

In this paper, as suggested by Diebold and Yilmaz (2009, 2012), we use realized 

volatility (𝑅𝑉𝑜𝑙 ) rather than realized variance (𝑅𝑉 ) to reflect stock market 

performance and construct the vector containing 𝑅𝑉𝑜𝑙, Chinese EPU and the US 

EPU 37. The DY framework regards 𝑅𝑉𝑜𝑙 and EPU variables as endogenous and 

investigate exogenous shocks to the system. 

 
37 It is straight-forward to discuss the extent to which shocks to the level of EPU index affect the 
level of 𝑅𝑉𝑜𝑙. We check the unit root and ensure each sub-sample stationary before employing 
VAR model. According to Diebold and Yilmaz (2015), the DY framework can also be applied to 
the VAR model in the first differences (DVAR) or the vector error correction model (VECM) after 
checking the co-integration. 
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The identification strategy is chosen according to the characteristics of the data: 

(1) Daily 𝑅𝑉𝑜𝑙 and EPU variables have skewness and kurtosis largely different 

from the Gaussian distribution. The normality-inducing transformation (e.g., 

taking logarithm) has little effect on daily data which are still far away from the 

normal distribution following transformation. Therefore, we adopt the Cholesky 

factorization to decompose the forecast error variance in the DY framework for 

each market 𝑖 , and report that the ordering of variables does not cause 

substantial changes. (2) The monthly dataset has much fewer observations than 

the daily dataset and the Cholesky-factor method leads to significant changes 

across different orderings. Besides, monthly variables show smaller skewness 

and lower kurtosis compared to corresponding daily variables. Thus, we prefer to 

utilize the GVD framework. Since the logarithm transformation can adjust the 

positive skewness closer to zero, we take the logarithm of monthly time series on 

the condition that transformation does not affect stationary characteristics of the 

series. 

 

Under the DY framework, the effect of the same-day (or the same-month) EPU 

is not discussed. Otherwise, it allows the interactions between 𝑅𝑉𝑜𝑙 and EPU 

variables and extends the time horizon. What’s more, as suggested by Diebold 

and Yilmaz (2012), we can obtain dynamic connectedness by employing the 

rolling-sample estimation. The method is to repeatedly estimate the model at 

each time point using the most recent 𝑤 observations. 

 

4.3 Data 
 
The data utilized in this study consists of two sets. The first dataset comprises 

the realized variance (or realized volatility) of benchmark stock market indices for 

eleven economies38: Canada, China, France, Germany, Hong Kong, India, Japan, 

South Korea, Switzerland, the UK and the US. Five economies are located in 

 
38 The list of benchmark indices: S&P/TSX Composite Index (Canada), Shanghai Composite 
Index (China), CAC 40 Index (France), DAX Index (Germany), Hang Seng Index (Hong Kong, 
SAR of China), NIFTY 50 Index (India), Nikkei 225 Index (Japan), Korea Composite Stock Price 
Index (South Korea), Swiss Stock Market Index (Switzerland), FTSE 100 Index (the UK), S&P 
500 Index (the US). 
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Asia, and six are located outside of Asia. Their daily realized variances (𝑅𝑉), with 

5-min intervals, are recorded by the Oxford-Man Institute Library39 since 2000. 

The Oxford library also provides realized semi-variance (5-min) and bipower 

variation (5-min) which are useful in extending the standard HAR-RV model. We 

obtain the realized volatility (𝑅𝑉𝑜𝑙) by calculating the square root of 𝑅𝑉. And as 

referred to in the Methodology section, monthly realized volatility is defined as 

the average of daily 𝑅𝑉𝑜𝑙 in a month in this study. The data range covers the 

trading dates of January 2000 to December 202140. 

 

The second dataset consists of the Economic Policy Uncertainty (EPU) indices 

of China and the US. We collect the observations of US EPU index at both daily 

and monthly frequencies from website: https://www.policyuncertainty.com. 

Regarding Chinese EPU index, there are three teams adopting the same 

compilation strategy of Baker et al. (2016) to construct the index but each selects 

different sets of newspapers. The first team led by Baker constructs the EPU 

index for China based on the South China Morning Post, a Hong Kong leading 

English-language newspaper. The second team led by Davis develops the index 

based on two Chinese-language newspapers in mainland China, Renmin Daily 

and Guangming Daily. Furthermore, Huang and Luk (2020) also follow the 

method of Baker et al. (2016) to construct the EPU index for China using ten 

mainland newspapers.  

 

It is argued that Huang’s team improved the Chinese EPU indices provided by 

Baker’s and Davis’ teams as follows: (1) It considers ten mainstream newspapers 

in mainland China, minimizing the bias embedded in one or two newspapers; (2) 

It is available on a daily basis as well as a monthly basis, while the other two EPU 

indices for China are only available at monthly frequency; (3) Several empirical 

studies confirm that the EPU index constructed by Huang’s team is better at 

reflecting Chinese policy uncertainty than the EPU indices developed by Baker’s 

or Davis’s teams (e.g., He et al., 2020; Liu and Wang, 2022; etc). Therefore, we 

choose Huang’s EPU from https://economicpolicyuncertaintyinchina.weebly.com. 

 
39 The "Oxford-Man Institute's realized library": https://realized.oxford-man.ox.ac.uk 
40 The number of trading dates vary across different stock markets. And RV observations are 
available from 2 February 2000 for Japan and from 2 May 2002 for Canada. 
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For both Chinese and US EPU indices, we collect daily values from 1 January 

2000 to 31 December 2021 and monthly values from January 2000 to December 

2021. 

 

We summarize the descriptive statistics of daily data and monthly data in Table 
4-1 and Table 4-2, respectively. Realized semi-variance, and bipower variation 

are not presented because they are not the focus of our discussions. 
 
Table 4-1 Daily data summary 

Country/Region Mean SD. Min. Max. Skew. Kurt. ADF stat. 
Panel A: daily 𝑅𝑉 (Asian markets) 

China 0.00016 0.00026 3.54E-6 0.00428 6.22 61.21 -22.60*** 
Hong Kong 0.00010 0.00016 4.38E-6 0.00437 10.69 187.04 -23.50*** 

India 0.00013 0.00041 1.14E-6 0.01672 25.54 884.03 -35.80*** 
Japan 0.00010 0.00017 2.06E-6 0.00385 9.16 127.46 -24.50*** 

South Korea 0.00012 0.00021 1.34E-6 0.00594 9.28 157.63 -19.60*** 
Panel B: daily 𝑅𝑉𝑜𝑙 (Asian markets) 

China 0.01057 0.00664 0.00188 0.06541 2.32 8.56 -17.91*** 
Hong Kong 0.00870 0.00456 0.00209 0.06613 3.26 20.35 -18.71*** 

India 0.00921 0.00643 0.00107 0.12932 5.18 60.05 -21.18*** 
Japan 0.00876 0.00489 0.00144 0.06204 2.91 16.40 -20.63*** 

South Korea 0.00923 0.00573 0.00116 0.07710 2.66 13.08 -17.59*** 
Panel C: daily 𝑅𝑉 (non-Asian markets) 

Canada 0.00008 0.00048 1.51E-6 0.02939 47.76 2835.40 -35.70*** 
France 0.00013 0.00024 2.74E-6 0.00512 9.10 129.22 -21.00*** 

Germany 0.00016 0.00029 4.14E-6 0.00588 7.78 99.80 -21.80*** 
Switzerland 0.00009 0.00020 6.06E-6 0.00555 12.23 220.66 -23.90*** 

United Kingdom 0.00012 0.00029 1.33E-6 0.01060 15.83 413.29 -27.70*** 
United States 0.00011 0.00026 1.22E-6 0.00775 10.98 201.20 -19.17*** 

Panel D: daily 𝑅𝑉𝑜𝑙 (non-Asian markets) 
Canada 0.00689 0.00601 0.00123 0.17144 7.54 135.28 -18.65*** 
France 0.00988 0.00588 0.00166 0.07157 2.83 15.09 -16.84*** 

Germany 0.01062 0.00673 0.00204 0.07670 2.62 11.69 -16.91*** 
Switzerland 0.00778 0.00498 0.00246 0.07448 4.07 28.36 -16.65*** 

United Kingdom 0.00917 0.00603 0.00115 0.10296 3.83 29.31 -19.60*** 
United States 0.00843 0.00612 0.00110 0.08802 3.37 19.83 -16.07*** 

Panel E: daily EPU 
China 115.58 70.71 0.00 1157.79 1.90 10.58 -42.70*** 

US 114.05 85.55 3.32 861.10 2.49 9.87 -24.92*** 
Note: According to the Oxford-Man Institute Library, 𝑅𝑉 observations in the recent years are available 
from 4 Jan. 2000 to 31 Dec. 2021 for China (mainland); 3 Jan. 2000 to 31 Dec. 2021 for Hong Kong; 3 Jan. 
2000 to 31 Dec. 2021 for India; 2 Feb. 2000 to 30 Dec. 2021 for Japan; 4 Jan. 2000 to 30 Dec. 2021 for 
South Korea; 2 May. 2002 to 31 Dec. 2021 for Canada; 3 Jan. 2000 to 31 Dec. 2021 for France; 3 Jan. 2000 
to 30 Dec. 2021 for Germany; 4 Jan. 2000 to 30 Dec. 2021 for Switzerland; 4 Jan. 2000 to 31 Dec. 2021 
for the UK; 3 Jan. 2000 to 31 Dec. 2021 for the US. The sample period of EPU indices: 1 Jan. 2000 to 31 
Dec. 2021. In the column named “Min.”, the scientific notation is employed and E stands for exponent of 
10. The ADF statistic tests for the null hypothesis of a unit root in time series. Asterisks denote rejection of 
the null hypothesis at *10%, **5%, and ***1% significance levels. 
 
Observed from Table 4-1, in panels A & B for Asian stock markets, the mean of 

daily 𝑅𝑉 (𝑅𝑉𝑜𝑙) is the largest for China, followed by India and South Korea. In 

panels C & D for non-Asian stock markets, the mean of daily 𝑅𝑉 (𝑅𝑉𝑜𝑙) is the 

largest for Germany, followed by France and the United Kingdom. According to 

the MSCI Market Classification Market Framework, 2021, all selected non-Asian 
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markets are developed markets. Two Asian markets (Hong Kong and Japan) are 

developed markets while the other three markets (China, India and South Korea) 

are emerging markets. Among selected Asian markets, developed Asian markets 

tend to be less volatile. As for the EPU index, the average values of daily EPU 

indices for China and the US are close to each other. The range (between the 

Min. and the Max.) of the daily Chinese EPU index is larger than that of the daily 

US EPU index. For all series, the augmented Dickey-Fuller (ADF) statistic rejects 

the null hypothesis of unit root at the 1% significance level, suggesting that each 

series is stationary.  
 
Table 4-2 Monthly data summary 

Country/Region Mean SD. Min. Max. Skew. Kurt. ADF stat. 
Panel A: monthly 𝑅𝑉𝑜𝑙 (Asian markets) 

China 0.01059 0.00533 0.00340 0.03321 1.44 1.89 -5.53*** 
Hong Kong 0.00870 0.00370 0.00462 0.03326 2.41 9.52 -5.50*** 

India 0.00922 0.00493 0.00299 0.03553 2.24 6.75 -6.65*** 
Japan 0.00877 0.00380 0.00361 0.03295 2.07 8.18 -7.70*** 

South Korea 0.00924 0.00492 0.00360 0.03484 1.78 4.37 -6.53*** 
Panel B: monthly 𝑅𝑉𝑜𝑙 (non-Asian markets) 

Canada 0.00688 0.00480 0.00248 0.04790 4.13 25.35 -5.94*** 
France 0.00988 0.00491 0.00381 0.03664 2.05 6.04 -6.73*** 

Germany 0.01061 0.00571 0.00387 0.03935 1.93 4.36 -6.25*** 
Switzerland 0.00777 0.00416 0.00375 0.03648 2.90 11.76 -7.28*** 

United Kingdom 0.00916 0.00476 0.00368 0.04038 2.60 10.70 -6.71*** 
United States 0.00843 0.00511 0.00239 0.04284 2.81 12.27 -6.94*** 

Panel C: monthly EPU 
China 118.17 39.13 38.20 238.32 0.07 -0.47 -6.87*** 

US 137.10 66.36 44.78 503.96 1.96 6.00 -6.81*** 
Note: The sample period is from Jan. 2000 to Dec. 2021, except that observations are not available in Jan. 
2000 for Japan; during the period from Jan. 2000 to Apr. 2002 for Canada. The ADF statistic tests for the 
null hypothesis of a unit root in time series. Asterisks denote rejection of the null hypothesis at *10%, **5%, 
and ***1% significance levels. 
 
Moving on to the monthly dataset (see Table 4-2), since monthly 𝑅𝑉𝑜𝑙 in this 

study is defined as the average level of daily 𝑅𝑉𝑜𝑙 in a month, the means of 

monthly 𝑅𝑉𝑜𝑙 is close to those of the daily 𝑅𝑉𝑜𝑙 observed in Table 4-1. And all 

series also reject the null hypothesis of the ADF statistics tests, indicating 

stationary characteristics. Unlike the daily observations, the range of monthly 

Chinese EPU is smaller than that of monthly US EPU.  

 

4.4 Empirical Results 
 
As mentioned in the Introduction, we attempt to distinguish the impact of EPU 

before and after the Global Financial Crisis (GFC). According to previous studies 
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(e.g., Filardo et. al., 200941, Ahmad et al., 2012), the crisis begins with financial 

turmoil from the third quarter of 2007 and ends in the fourth quarter of 2009. 

Specifically, the whole sample of daily data can be divided into pre-GFC, GFC 

and post-GFC sub-samples. For each stock market, the pre-GFC period covers 

daily observations from January 2000 to June 2007; the GFC period from July 

2007 to December 2009; and the post-GFC period from January 2010 to 

December 2021. However, the number of monthly observations during the period 

July 2007 to December 2009 (i.e. GFC period) is small and may reduce the 

computational strength. Therefore, we do not individually conduct the regression 

analysis for monthly data during this period. Instead, we distinguish the pre-GFC 

periods excluding and including GFC. The pre-GFC (excluding GFC) sub-sample 

runs from January 2000 to June 2007, while the pre-GFC (including GFC) sub-

sample runs from January 2000 to December 2009. The correlation matrices 

between Chinese EPU index (denoted as CNEPU) and US EPU index (denoted 

as USEPU) are shown to remains at a low level even during the GFC (see Table 
A.1 in the Appendix A). 

 

The use of daily data allows us to detect market responses within a month, while 

monthly data can indicate more persistent effects of EPU. A general view of stock 

market reactions during each period is presented in Section 4.4.1 and in Section 

4.4.2 for daily data and monthly data, respectively. Meanwhile, we notice that the 

DY framework can be combined with the rolling-window method. While the 

spillover table for each sub-sample provides a summary of the “average” spillover 

behaviour during each sub-period, we probably miss secular or cyclical 

movements in spillovers (Diebold and Yilmaz, 2012). Therefore, the whole 

sample (not divided into sub-samples) is used to conduct the analysis of rolling-

sample spillover and we discuss the results in Section 4.4.3. 
 

4.4.1 Period analysis: The impact of EPU on daily stock market 
volatility (China vs. the US) 
 
4.4.1.1 The HAR-RV-EPU models 
 

 
41 The Bank for International Settlements (BIS) Papers No.52 
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To examine the same-day and one-day lagged effects, we construct HAR-RV-

EPU, HAR-RV-RSV-EPU and HAR-RV-SJ-EPU models. As aforementioned, the 

contemporary effect of USEPU is not considered due to the gap in time zones. 

To better present the regression results, we scale data series for HAR models in 

the following two ways: (1) For realized variance, realized semi-variance and 

bipower variation, we apply annualization with the assumption that there are 252 

trading days in a year; (2) For EPU indices, we follow Liu and Zhang (2015) to 

divide the index values by 100 as the levels incorporated into the HAR model. 

The scaling of series does not affect skewness and kurtosis of original data 

shown in Table 4-1. We report the parameter estimates related to the EPU index 

during each sub-period for the groups of Asian markets and non-Asian markets 

in Table 4-3A and Table 4-3B, respectively. 

 
Table 4-3A Parameter estimates of the HAR-RV-EPU models (Asian stock markets) 

 Pre-GFC period GFC period Post-GFC period 
 HAR1 HAR2 HAR3 HAR1 HAR2 HAR3 HAR1 HAR2 HAR3 

Panel A: The HAR term is daily 𝑅𝑉 of stock market in China 

𝜃9,= 
0.0063 

(0.0028) 
0.0058 

(0.0028) 
0.0068 

(0.0028) 
-0.0005 
(0.0069) 

-0.0020 
(0.0068) 

-0.0018 
(0.0067) 

0.0032 
(0.0016) 

0.0022 
(0.0016) 

0.0023 
(0.0016) 

𝜃9,2 
-0.0030 
(0.0024) 

-0.0026 
(0.0025) 

-0.0023 
(0.0024) 

0.0138 
(0.0098) 

0.0166 
(0.0097) 

0.0168 
(0.0096) 

-0.0026 
(0.0017) 

-0.0013 
(0.0014) 

-0.0012 
(0.0016) 

𝜃>,2 
-0.0002 
(0.0012) 

-0.0002 
(0.0011) 

-0.0003 
(0.0012) 

0.0019 
(0.0050) 

0.0004 
(0.0050) 

0.0000 
(0.0051) 

-0.0010 
(0.0006) 

-0.0006 
(0.0006) 

-0.0006 
(0.0007) 

Panel B: The HAR term is daily 𝑅𝑉 of stock market in Hong Kong 

𝜃9,= 
-0.0009 
(0.0012) 

-0.0010 
(0.0013) 

-0.0010 
(0.0012) 

0.0121 
(0.0111) 

0.0130 
(0.0109) 

0.0136 
(0.0111) 

0.0027* 
(0.0010) 

0.0025 
(0.0010) 

0.0024 
(0.0010) 

𝜃9,2 
-0.0029* 
(0.0009) 

-0.0029* 
(0.0009) 

-0.0029* 
(0.0009) 

0.0089 
(0.0071) 

0.0084 
(0.0064) 

0.0087 
(0.0064) 

-0.0004 
(0.0007) 

-0.0004 
(0.0006) 

-0.0005 
(0.0006) 

𝜃>,2 
-0.0000 
(0.0010) 

0.0000 
(0.0010) 

0.0002 
(0.0009) 

0.0065 
(0.0065) 

0.0070 
(0.0062) 

0.0063 
(0.0063) 

0.0002 
(0.0006) 

0.0002 
(0.0006) 

0.0002 
(0.0006) 

Panel C: The HAR term is daily 𝑅𝑉 of stock market in India 

𝜃9,= 
-0.0015 
(0.0052) 

-0.0047 
(0.0065) 

-0.0037 
(0.0062) 

0.0093 
(0.0294) 

0.0050 
(0.0332) 

-0.0068 
(0.0343) 

-0.0000 
(0.0012) 

-0.0004 
(0.0014) 

-0.0005 
(0.0015) 

𝜃9,2 
0.0010 

(0.0036) 
0.0026 

(0.0033) 
0.0029 

(0.0035) 
-0.0074 
(0.0223) 

-0.0156 
(0.0144) 

-0.0272 
(0.0164) 

-0.0003 
(0.0011) 

-0.0006 
(0.0013) 

-0.0007 
(0.0014) 

𝜃>,2 
-0.0005 
(0.0020) 

0.0001 
(0.0019) 

0.0008 
(0.0019) 

0.0185 
(0.0083) 

0.0167 
(0.0077) 

0.0117 
(0.0085) 

0.0017 
(0.0009) 

0.0013 
(0.0006) 

0.0013 
(0.0006) 

Panel D: The HAR term is daily 𝑅𝑉 of stock market in Japan 

𝜃9,= 
0.0009 

(0.0017) 
0.0010 

(0.0017) 
0.0009 

(0.0017) 
0.0087 

(0.0084) 
0.0078 

(0.0083) 
0.0084 

(0.0083) 
0.0025 

(0.0014) 
0.0024 

(0.0013) 
0.0025 

(0.0013) 

𝜃9,2 
-0.0003 
(0.0013) 

-0.0003 
(0.0013) 

-0.0003 
(0.0013) 

0.0090 
(0.0072) 

0.0091 
(0.0074) 

0.0092 
(0.0075) 

-0.0014 
(0.0010) 

-0.0013 
(0.0010) 

-0.0013 
(0.0010) 

𝜃>,2 
-0.0001 
(0.0009) 

-0.0001 
(0.0009) 

-0.0000 
(0.0009) 

0.0057 
(0.0044) 

0.0055 
(0.0046) 

0.0063 
(0.0045) 

  0.0000 
(0.0006) 

0.0000 
(0.0007) 

0.0000 
(0.0006) 

Panel E: The HAR term is daily 𝑅𝑉 of stock market in South Korea 

𝜃9,= 
0.0003 

(0.0027) 
0.0003 

(0.0028) 
0.0005 

(0.0028) 
0.0128 

(0.0066) 
0.0126 

(0.0061) 
0.0134 

(0.0072) 
0.0018 

(0.0011) 
0.0018 

(0.0011) 
0.0019 

(0.0011) 

𝜃9,2 
-0.0022 
(0.0022) 

-0.0020 
(0.0022) 

-0.0020 
(0.0022) 

0.0043 
(0.0069) 

0.0041 
(0.0070) 

0.0049 
(0.0075) 

-0.0008 
(0.0007) 

-0.0008 
(0.0007) 

-0.0007 
(0.0005) 

𝜃>,2 
-0.0029 
(0.0014) 

-0.0029 
(0.0015) 

-0.0024 
(0.0014) 

0.0059 
(0.0029) 

0.0059 
(0.0028) 

0.0061 
(0.0034) 

0.0014 
(0.0009) 

0.0014 
(0.0009) 

0.0012 
(0.0009) 

Note: HAR1, HAR2 and HAR3 denote HAR-RV-EPU, HAR-RV-RSV-EPU and HAR-RV-SJ-EPU 
models respectively. 𝜃J,H, 𝜃J,$ and 𝜃K,$ are parameters in Eq.(6.1-6.3) in the Methodology section for the 
same-day Chinese EPU, one-day-earlier Chinese EPU and one-day-earlier US EPU, respectively. Owing 
to space limitations, we do not report the entire equations. Numbers in parentheses are standard errors 
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(based on covariance correction when needed). Estimates are in bold if reject the null hypothesis of t-test 
at 5% significance level, and further added * if reject the null hypothesis of t-test at 1% significance level. 
 
From Table 4-3A, we first notice the results for stock markets in China (mainland) 

and Hong Kong. During the pre-GFC period, contemporary CNEPU positively 

affects mainland China stock market volatility, while one-day-earlier CNEPU 

negatively affects Hong Kong stock market volatility during the pre-GFC period. 

Hong Kong plays a leading role in intermediating mainland China’s foreign direct 

investments and financial investments (Zhang, 2005). The negative effect of the 

prior-day Chinese EPU on Hong Kong stock market volatility may be related to 

investors’ sentiments of requiring further policy-related information. By contrast, 

only the positive impact of contemporary CNEPU on the Hong Kong market is 

significant during the post-GFC period. The financial developments in mainland 

China after 2010 may lead to this change. On one hand, the proportion of 

institutional investors increases in mainland China stock market and these 

domestic institutions are more proficient in managing assets as well as obtaining 

information (Wen et al., 2021). On the other hand, Stock Connect program 

facilitates cross-border transactions between mainland and Hong Kong markets 

and foreign investors have information disadvantage compared with mainland 

investors (Bai and Chow, 2017). 

 

As for the other three Asian economies, all estimates of EPU variables are 

irrelevant before the GFC except that the parameter estimates of one-day-earlier 

USEPU in HAR1 and HAR2 models are significant and negative in panel E (South 

Korea). It is noted that the US financial service providers are always active in 

financial liberalization in the South Korean market (Noland, 2007). The negative 

effect of the prior-day USEPU may be related to international capital flows. 

Besides, USEPU from the day prior positively affects stock market volatility in 

South Korea during the GFC period, suggesting the spread of panic. The stock 

market in India is also positively affected by lagged USEPU during the crisis 

period, despite estimates not being robust across all specifications of HAR 

models. Moving on to the post-GFC period, the Indian stock market is still 

significantly affected by the prior-day USEPU under model specifications HAR2 

and HAR3, while no other estimates are significant at 5% significance level in 

panel D-E (Japan and South Korea). There is a growing sense in the US of the 
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potential challenge from China after the GFC, which contributes to reinvigorating 

US-India relations (Singh, 2020).  
 
Table 4-3B Parameter estimates of the HAR-RV-EPU models (non-Asian stock markets) 

 Pre-GFC period GFC period Post-GFC period 
 HAR1 HAR2 HAR3 HAR1 HAR2 HAR3 HAR1 HAR2 HAR3 

Panel A: The HAR term is daily 𝑅𝑉 of stock market in Canada 

𝜃9,= 
-0.0005 
(0.0009) 

-0.0005 
(0.0008) 

-0.0006 
(0.0007) 

0.0300 
(0.0443) 

0.0069 
(0.0294) 

-0.0138 
(0.0225) 

0.0005 
(0.0014) 

0.0006 
(0.0014) 

0.0008 
(0.0014) 

𝜃9,2 
-0.0002 
(0.0008) 

-0.0002 
(0.0008) 

-0.0003 
(0.0008) 

0.1085 
(0.0844) 

0.0973 
(0.0720) 

0.0894 
(0.0569) 

0.0001 
(0.0006) 

0.0001 
(0.0006) 

0.0005 
(0.0006) 

𝜃>,2 
0.0001 

(0.0006) 
0.0001 

(0.0006) 
-0.0000 
(0.0005) 

0.0138 
(0.0432) 

-0.0052 
(0.0382) 

-0.0445 
(0.0366) 

0.0004 
(0.0005) 

0.0004 
(0.0005) 

0.0001 
(0.0005) 

Panel B: The HAR term is daily 𝑅𝑉 of stock market in France 

𝜃9,= 
-0.0022 
(0.0016) 

-0.0023 
(0.0016) 

-0.0023 
(0.0016) 

-0.0016 
(0.0094) 

0.0018 
(0.0096) 

0.0010 
(0.0094) 

0.0016 
(0.0018) 

0.0016 
(0.0017) 

0.0007 
(0.0016) 

𝜃9,2 
-0.0017 
(0.0018) 

-0.0015 
(0.0017) 

-0.0017 
(0.0017) 

0.0069 
(0.0074) 

0.0042 
(0.0087) 

0.0049 
(0.0089) 

-0.0012 
(0.0015) 

-0.0012 
(0.0015) 

-0.0013 
(0.0012) 

𝜃>,2 
0.0003 

(0.0032) 
0.0011 

(0.0031) 
0.0007 

(0.0031) 
0.0167 

(0.0075) 
0.0179 

(0.0069) 
0.0165 

(0.0078) 
0.0007 

(0.0009) 
0.0007 

(0.0009) 
0.0011 

(0.0009) 
Panel C: The HAR term is daily 𝑅𝑉 of stock market in Germany 

𝜃9,= 
-0.0054 
(0.0030) 

-0.0053 
(0.0031) 

-0.0052 
(0.0030) 

-0.0025 
(0.0092) 

-0.0053 
(0.0092) 

-0.0059 
(0.0079) 

0.0006 
(0.0015) 

0.0007 
(0.0015) 

0.0010 
(0.0014) 

𝜃9,2 
0.0013 

(0.0026) 
0.0013 

(0.0026) 
0.0014 

(0.0026) 
0.0263 

(0.0134) 
0.0248 

(0.0132) 
0.0253 

(0.0127) 
-0.0003 
(0.0011) 

-0.0005 
(0.0010) 

-0.0005 
(0.0009) 

𝜃>,2 
0.0029 

(0.0046) 
0.0030 

(0.0046) 
0.0017 

(0.0045) 
0.0167 

(0.0076) 
0.0157 

(0.0079) 
0.0139 

(0.0071) 
0.0002 

(0.0009) 
0.0004 

(0.0009) 
0.0001 

(0.0009) 
Panel D: The HAR term is daily 𝑅𝑉 of stock market in Switzerland 

𝜃9,= 
-0.0022 
(0.0014) 

-0.0021 
(0.0011) 

-0.0019 
(0.0011) 

0.0009 
(0.0051) 

0.0010 
(0.0043) 

0.0020 
(0.0052) 

0.0005 
(0.0015) 

0.0003 
(0.0014) 

-0.0001 
(0.0017) 

𝜃9,2 
0.0008 

(0.0014) 
0.0006 

(0.0015) 
0.0006 

(0.0014) 
0.0045 

(0.0048) 
0.0023 

(0.0042) 
0.0021 

(0.0055) 
-0.0005 
(0.0011) 

-0.0007 
(0.0011) 

-0.0010 
(0.0012) 

𝜃>,2 
0.0004 

(0.0009) 
0.0006 

(0.0023) 
0.0005 

(0.0024) 
0.0091 

(0.0037) 
0.0094 

(0.0038) 
0.0099 

(0.0042) 
0.0004 

(0.0009) 
0.0003 

(0.0009) 
0.0005 

(0.0009) 
Panel E: The HAR term is daily 𝑅𝑉 of stock market in United Kingdom 

𝜃9,= 
-0.0042 
(0.0024) 

-0.0043 
(0.0022) 

-0.0042 
(0.0022) 

0.0146 
(0.0236) 

0.0163 
(0.0242) 

0.0129 
(0.0237) 

0.0023 
(0.0018) 

0.0023 
(0.0018) 

0.0019 
(0.0019) 

𝜃9,2 
0.0010 

(0.0024) 
0.0010 

(0.0016) 
0.0009 

(0.0016) 
0.0196 

(0.0198) 
0.0183 

(0.0196) 
0.0202 

(0.0193) 
-0.0014 
(0.0014) 

-0.0015 
(0.0014) 

-0.0016 
(0.0014) 

𝜃>,2 
0.0020 

(0.0015) 
0.0021 

(0.0026) 
0.0020 

(0.0030) 
0.0233* 
(0.0081) 

0.0244* 
(0.0090) 

0.0224 
(0.0094) 

0.0006 
(0.0011) 

0.0005 
(0.0011) 

0.0004 
(0.0011) 

Panel F: The HAR term is daily 𝑅𝑉 of stock market in United States 

𝜃9,= 
-0.0018 
(0.0009) 

-0.0015 
(0.0008) 

-0.0016 
(0.0009) 

0.0053 
(0.0139) 

0.0037 
(0.0130) 

0.0022 
(0.0106) 

0.0003 
(0.0022) 

0.0003 
(0.0022) 

0.0011 
(0.0021) 

𝜃9,2 
0.0002 

(0.0013) 
0.0003 

(0.0012) 
0.0006 

(0.0011) 
0.0138 

(0.0165) 
0.0153 

(0.0162) 
0.0165 

(0.0124) 
0.0004 

(0.0010) 
0.0004 

(0.0009) 
0.0012 

(0.0008) 

𝜃>,2 
0.0027 

(0.0016) 
0.0024 

(0.0015) 
0.0025 

(0.0014) 
0.0110 

(0.0092) 
0.0105 

(0.0087) 
0.0106 

(0.0061) 
0.0005 

(0.0009) 
0.0006 

(0.0009) 
0.0001 

(0.0008) 
Note: HAR1, HAR2 and HAR3 denote HAR-RV-EPU, HAR-RV-RSV-EPU and HAR-RV-SJ-EPU 
models respectively. 𝜃J,H, 𝜃J,$ and 𝜃K,$ are parameters in Eq.(6.1-6.3) in the Methodology section for the 
same-day Chinese EPU, one-day-earlier Chinese EPU and one-day-earlier US EPU, respectively. Owing 
to space limitations, we do not report the entire equations. Numbers in parentheses are standard errors 
(based on covariance correction when needed). Estimates are in bold if reject the null hypothesis of t-test 
at 5% significance level, and further added * if reject the null hypothesis of t-test at 1% significance level. 
 
The group of non-Asian stock markets presents other findings (see Table 4-3B): 

(1) No results for the pre-GFC period are statistically significant at 5% significance 

level. Unlike the finding of Liu and Zhang (2015), the one-day-earlier USEPU 

does not show a strong impact on US stock market volatility. Liu and Zhang (2015) 

do not mention whether they improve standard OLS regression. According to our 
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estimations, the estimates for USEPU in standard OLS regression is positive and 

statistically significant at 5% significance level for the US stock market. But the t-

values change after using covariance corrections to overcome heteroskedasticity 

(and autocorrelation) in error terms in OLS regressions. (2) Stock markets in 

Europe (France, Germany, Switzerland & United Kingdom) are positively affected 

by the USEPU from the day prior during the GFC period. Compared to the 

observations in Table 4-3A, European stock markets seem more likely to be 

affected by one-day-earlier USEPU than Asian stock markets during this crisis 

period. It is also noted that the USEPU does not have a significant impact on the 

US (domestic) market. There are arguments that domestic investors have the 

advantage of domestic information (e.g., Ferreira et al., 2017), and policy-related 

information can cause less shock to the domestic market during the crisis 

because local investors are likely to anticipate the policy uncertainty. (3) There 

are no significant estimates for the post-GFC samples.  

 
4.4.1.2 The spillover table of each sub-sample at daily frequency 
 

Next, we construct the VAR(p) of 𝑅𝑉𝑜𝑙!, Chinese and the US EPU indices and 

apply the DY framework onto each market 𝑖 during each sub-period. The lag p of 

each set of VAR model is chosen according to the Bayesian Information Criterion 

(BIC)42. Compared to the HAR models, the DY framework allows us to examine 

the impact of EPU on 𝑅𝑉𝑜𝑙 (i.e. √𝑅𝑉) under a longer observation window. The 

selection of H-step-ahead is according to the context of discussion (Diebold and 

Yilmaz, 2015). And the 20 days-ahead-forecast is reported in this section 

because there are approximately 5 ∗ 4 = 20 trading days in a month. We can 

obtain a 3*3 matrix for the variance decomposition of 𝑅𝑉𝑜𝑙!, CNEPU and USEPU 

for each market during each sub-period under the DY framework. The 𝑖𝑗𝑡ℎ entry 

on 𝑖𝑡ℎ row and 𝑗𝑡ℎ column in the matrix is the estimated fraction of variable 𝑖’s 

forecast error variance that is due to innovations to variable 𝑗  (i.e. pairwise 

directional spillover index, 𝛿!-(𝐻)). The row sum of the elements of the matrix is 

equal to 100% and the column sum is usually not equal to 100%. In this paper, 

the numbers shown in the 3*3 decomposition matrix are all rounded to two 

 
42 According to the BIC tests of all daily sub-samples, the maximum of the optimal lags is 5. 
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decimal places and therefore the sum of numbers reported in each row might not 

be exactly 100%. To extract more information from the matrix, we calculate the 

directional spillovers received by variable 𝑖 from all other variables (that is, the 

sum of off-diagonal entries in 𝑖𝑡ℎ row), and the directional spillovers transmitted 

by variable 𝑖 to all other variables (that is, the sum of off-diagonal entries in 𝑖𝑡ℎ 

column). The off-diagonal row and column sums are labelled as “From” and “To” 

respectively. And the total spillover index is approximated by the sum of off-

diagonal elements relative to the sum of all elements in the decomposition matrix. 

The results are presented in Table 4-4A & Table 4-4B. 

 
Table 4-4A The spillover table for pre-GFC, GFC and post-GFC Asian samples (daily 
dataset) 

 Pre-GFC period GFC period Post-GFC period 
Panel A: Stock market in China 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.35 0.58 0.06 0.64 97.66 1.38 0.96 2.34 99.33 0.14 0.53 0.67 

CEPU 0.64 97.41 1.95 2.59 7.29 87.84 4.87 12.16 3.16 94.01 2.83 5.99 
UEPU 0.21 0.13 99.66 0.34 7.59 2.26 90.15 9.85 0.14 0.23 99.63 0.37 

To 0.85 0.71 2.01 1.19 14.88 3.64 5.83 8.12 3.30 0.37 3.36 2.34 
Panel B: Stock market in Hong Kong 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 98.93 0.73 0.34 1.07 94.06 1.46 4.48 5.94 99.32 0.13 0.55 0.68 

CEPU 0.31 97.78 1.91 2.22 9.00 87.82 3.18 12.18 6.27 91.41 2.31 8.58 
UEPU 0.55 0.13 99.33 0.68 22.51 0.98 76.51 23.49 3.90 0.26 95.83 4.16 

To 0.86 0.86 2.25 1.32 31.51 2.44 7.66 13.87 10.17 0.39 2.86 4.48 
Panel C: Stock market in India 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.04 0.77 0.20 0.97 94.17 0.78 5.05 5.83 99.14 0.12 0.74 0.86 

CEPU 0.72 97.36 1.92 2.64 12.15 82.80 5.05 17.20 2.32 96.13 1.55 3.87 
UEPU 0.10 0.21 99.69 0.31 11.85 1.02 87.13 12.87 14.91 0.29 84.80 15.20 

To 0.82 0.98 2.12 1.31 24.00 1.80 10.10 11.97 17.23 0.41 2.29 6.64 
Panel D: Stock market in Japan 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.44 0.13 0.42 0.55 95.39 0.78 3.84 4.62 99.69 0.10 0.20 0.30 

CEPU 0.07 98.99 0.95 1.02 11.74 84.72 3.55 15.29 1.94 95.95 2.11 4.05 
UEPU 3.70 0.10 96.20 3.80 22.51 0.91 76.57 23.42 4.48 0.16 95.36 4.64 

To 3.77 0.23 1.37 1.79 34.25 1.69 7.39 14.44 6.42 0.26 2.31 3.00 
Panel E: Stock market in South Korea 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 97.84 0.21 1.95 2.16 96.11 0.22 3.67 3.89 96.63 0.10 3.28 3.38 

CEPU 0.33 97.87 1.80 2.13 5.89 88.18 5.94 11.83 4.93 93.62 1.45 6.38 
UEPU 0.28 0.09 99.63 0.37 13.47 1.46 85.06 14.93 11.66 0.58 87.76 12.24 

To 0.61 0.30 3.75 1.55 19.36 1.68 9.61 10.22 16.59 0.68 4.73 7.33 
Note: The forecast horizon is set to 20 days. RVol, CEPU and UEPU represent 𝑅𝑉𝑜𝑙&, Chinese EPU index 
(CNEPU) and US EPU index (USEPU) respectively. All numbers are expressed in percentage. The 3*3 
decomposition matrix is shown in shadow for each stock market during each sub-period. The entries 
indicating pairwise directional spillovers from CNEPU (or USEPU) to stock market volatility are shown in 
bold. The total spillover index of each decomposition matrix is shown in Italic style. 
 
The entries in bold and total spillover index (in italics) are the focus of our 

discussion in this section. Table 4-4A demonstrates several regularities of the 

“average” spillover behaviour during each sub-period: (1) Most fractions 

indicating spillovers from CNEPU (or USEPU) to 𝑅𝑉𝑜𝑙 are lower than 1% during 
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the pre-GFC and post-GFC periods. The difference between the effects of 

CNEPU and USEPU is slight apart for South Korea in which USEPU accounts 

for higher than 1% of forecast-error-variance of 𝑅𝑉𝑜𝑙 during these two periods. 

(2) The spillovers from USEPU to 𝑅𝑉𝑜𝑙 clearly increase during the GFC period 

for Hong Kong (4.48%), India (5.05%), Japan (3.84%) and South Korea (3.67%). 

It is well known that the US was the origin of turbulence and its policies served 

as a bellwether of economic recovery. (3) Comparing total spillover indices 

across three sub-samples for each economy, the total spillover index of the GFC 

sample is always the highest. Besides, the total spillovers are largely contributed 

by 𝑅𝑉𝑜𝑙 during this crisis period. Nanto (2009) analyses policy responses to the 

GFC across major countries and points out the precipitous drops in financial 

markets, including stock markets worldwide, as one of factors driving national 

governments to conduct and adjust polices. 
 
Table 4-4B The spillover table for pre-GFC, GFC and post-GFC non-Asian samples 
(daily dataset) 

 Pre-GFC period GFC period Post-GFC period 
Panel A: Stock market in Canada 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 98.98 0.49 0.53 1.02 86.88 6.26 6.85 13.11 99.29 0.06 0.65 0.71 

CEPU 0.15 98.00 1.86 2.01 10.12 86.26 3.62 13.74 4.30 94.54 1.17 5.47 
UEPU 3.61 0.13 96.26 3.74 22.46 2.01 75.53 24.47 13.02 0.46 86.53 13.48 

To 3.76 0.62 2.39 2.26 32.58 8.27 10.47 17.11 17.32 0.52 1.82 6.55 
Panel B: Stock market in France 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.16 0.70 0.14 0.84 94.00 0.18 5.82 6.00 99.56 0.09 0.35 0.44 

CEPU 0.36 98.38 1.25 1.61 20.48 77.62 1.90 22.38 4.45 94.53 1.01 5.46 
UEPU 15.05 0.16 84.79 15.21 27.77 0.18 72.05 27.95 12.08 0.73 87.20 12.81 

To 15.41 0.86 1.39 5.89 48.25 0.36 7.72 18.78 16.53 0.82 1.36 6.24 
Panel C: Stock market in Germany 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 97.91 0.15 1.93 2.08 94.01 0.86 5.12 5.98 99.83 0.06 0.10 0.16 

CEPU 0.52 97.96 1.52 2.04 17.07 80.62 2.31 19.38 4.42 94.40 1.18 5.60 
UEPU 13.96 0.11 85.94 14.07 25.68 0.46 73.85 26.14 8.66 0.45 90.89 9.11 

To 14.48 0.26 3.45 6.06 42.75 1.32 7.43 17.17 13.08 0.51 1.28 4.96 
Panel D: Stock market in Switzerland 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 98.97 0.89 0.14 1.03 94.22 0.20 5.58 5.78 99.80 0.09 0.12 0.21 

CEPU 0.47 98.21 1.33 1.80 19.02 79.12 1.85 20.87 3.47 95.50 1.03 4.50 
UEPU 15.53 0.15 84.33 15.68 28.10 0.25 71.65 28.35 13.55 0.49 85.96 14.04 

To 16.00 1.04 1.47 6.17 47.12 0.45 7.43 18.33 17.02 0.58 1.15 6.25 
Panel E: Stock market in United Kingdom 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.17 0.03 0.80 0.83 90.66 0.89 8.45 9.34 99.50 0.01 0.49 0.50 

CEPU 0.27 98.34 1.39 1.66 18.66 78.16 3.18 21.84 4.69 94.41 0.90 5.59 
UEPU 12.45 0.10 87.45 12.55 21.79 0.44 77.77 22.23 15.34 0.62 84.04 15.96 

To 12.72 0.13 2.19 5.01 40.45 1.33 11.63 17.80 20.03 0.63 1.39 7.35 
Panel F: Stock market in United States 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 97.17 0.57 2.26 2.83 93.67 1.98 4.35 6.33 99.69 0.04 0.26 0.30 

CEPU 0.51 97.95 1.53 2.04 15.07 82.88 2.05 17.12 4.52 94.57 0.91 5.43 
UEPU 6.52 0.11 93.37 6.63 32.33 0.81 66.86 33.14 15.11 0.60 84.29 15.71 

To 7.03 0.68 3.79 3.83 47.40 2.79 6.40 18.86 19.63 0.64 1.17 7.15 
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Note: The forecast horizon is set to 20 days. RVol, CEPU and UEPU represent 𝑅𝑉𝑜𝑙&, Chinese EPU index 
(CNEPU) and US EPU index (USEPU) respectively. All numbers are expressed in percentage. The 3*3 
decomposition matrix is shown in shadow for each stock market during each sub-period. The entries 
indicating pairwise directional spillovers from CNEPU (or USEPU) to stock market volatility are shown in 
bold. The total spillover index of each decomposition matrix is shown in Italic style. 
 
From Table 4-4B, we can observe several findings similar to those presented in 

Table 4-4A: (1) Spillovers from CNEPU (or USEPU) are responsible for less than 

1% of forecast-error-variance of 𝑅𝑉𝑜𝑙 in most of matrices during the pre-GFC and 

post-GFC periods. Only fractions contributed by USEPU to 𝑅𝑉𝑜𝑙  of pre-GFC 

samples for Germany (1.93%) and the US (2.26%) are higher than 1%. (2) An 

obvious increase in the pairwise directional spillover index from USEPU to 𝑅𝑉𝑜𝑙 

is observed for Canada (6.85%), France (5.82%), Germany (5.12%), Switzerland 

(5.58%), United Kingdom (8.45%) and United States (4.35%) during the GFC 

period. (3) The total spillover index of the GFC sample is the highest among three 

sub-samples in each panel. Despite the common regularities shared with the 

groups of Asian economies, non-Asian economies tend to have higher total 

spillover indices than Asian economies during the GFC period. This finding is 

similar to the comparison between Table 4-3A and Table 4-3B in terms of results 

for the GFC sample. Some previous studies also suggest a more pronounced 

impact of the GFC on financial markets in advanced European countries (e.g., 

Boubaker et al., 2016; Cayon et al., 2018; etc.). 
 
4.4.2 Period analysis: The impact of EPU on monthly stock market 
volatility (China vs. the US) 
 
4.4.2.1 The AR-RVol-EPU models 
 
As mentioned in Section 4.2, Methodology, the HAR model is no longer 

appropriate for monthly analyses. Instead, we incorporate the monthly EPU into 

the AR(1) of monthly realized volatility. The values of EPU indices are also 

divided by 100 to be incorporated into the AR(1) model as in the HAR model. We 

report the estimations of AR-RVol-EPU models with respect to EPU indices in 

Table 4-5A and Table 4-5B for the groups of Asian and non-Asian economies, 

respectively. 
 
Table 4-5A Parameter estimates of the AR-RVol-EPU models (Asian stock markets) 

 Pre-GFC (excluding GFC) Pre-GFC (including GFC) Post-GFC period 
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 I II III 
Panel A: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in China 

𝜑;<,= 
0.0028 

(0.0032) 
0.0026 

(0.0018) 
0.0029 

(0.0015) 

𝜑;<,2 
0.0021 

(0.0031) 
0.0024 

(0.0018) 
-0.0041 
(0.0016) 

𝜑?@,= 
0.0005 

(0.0012) 
0.0003 

(0.0011) 
-0.0001 
(0.0007) 

𝜑?@,2 
-0.0016 
(0.0016) 

-0.0013 
(0.0011) 

-0.0002 
(0.0006) 

Panel B: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in Hong Kong 

𝜑;<,= 
-0.0009 
(0.0009) 

0.0011 
(0.0013) 

0.0020 
(0.0008) 

𝜑;<,2 
-0.0005 
(0.0009) 

0.0007 
(0.0009) 

-0.0013 
(0.0008) 

𝜑?@,= 
0.0018* 
(0.0005) 

0.0029* 
(0.0007) 

0.0005 
(0.0006) 

𝜑?@,2 
-0.0015* 
(0.0005) 

-0.0017 
(0.0007) 

-0.0002 
(0.0004) 

Panel C: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in India 

𝜑;<,= 
0.0009 

(0.0021) 
0.0023 

(0.0018) 
0.0011 

(0.0009) 

𝜑;<,2 
0.0040 

(0.0021) 
0.0040 

(0.0019) 
0.0013 

(0.0009) 

𝜑?@,= 
0.0010 

(0.0012) 
0.0015 

(0.0012) 
0.0018 

(0.0018) 

𝜑?@,2 
-0.0026 
(0.0012) 

-0.0021 
(0.0012) 

-0.0012 
(0.0010) 

Panel D: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in Japan 

𝜑;<,= 
-0.0016 
(0.0014) 

0.0006 
(0.0014) 

0.0025* 
(0.0010) 

𝜑;<,2 
-0.0009 
(0.0014) 

0.0011 
(0.0014) 

-0.0007 
(0.0010) 

𝜑?@,= 
0.0027* 
(0.0008) 

0.0035* 
(0.0010) 

0.0012 
(0.0012) 

𝜑?@,2 
-0.0014 
(0.0008) 

-0.0006 
(0.0012) 

-0.0013 
(0.0008) 

Panel E: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in South Korea 

𝜑;<,= 
-0.0019 
(0.0019) 

0.0008 
(0.0017) 

0.0028 
(0.0015) 

𝜑;<,2 
-0.0029 
(0.0019) 

-0.0005 
(0.0015) 

-0.0015 
(0.0010) 

𝜑?@,= 
0.0015 

(0.0010) 
0.0024* 
(0.0009) 

0.0009 
(0.0011) 

𝜑?@,2 
-0.0004 
(0.0010) 

-0.0003 
(0.0013) 

0.0000 
(0.0007) 

Note: 𝜑LM,H, 𝜑LM,$, 𝜑NO,H and 𝜑NO,$ are parameters in Eq.(7) in the Methodology section for the same-
month Chinese EPU, one-month-earlier Chinese EPU, the same-month US EPU and one-month-earlier US 
EPU, respectively. Owing to space limitations, we do not report the entire equations. Numbers in 
parentheses are standard errors (based on covariance correction when needed). Estimates are in bold if 
reject the null hypothesis of t-test at 5% significance level, and further added * if reject the null hypothesis 
of t-test at 1% significance level. 
 
We first observe from Table 4-5A that compared to the regression results of daily 

data presented in Table 4-3A, more Asian stock markets are affected by USEPU 

during the pre-GFC (excluding GFC) period, based on monthly data. The same-

month USEPU positively affects markets in Hong Kong and Japan, while the 

prior-month USEPU negatively affects markets in Hong Kong and India. The 

negative effect of lagged EPU has also been reported in previous studies utilizing 

other measures of monthly stock volatility (e.g., Li et al., 2019; Tsai, 2017). A 

possible explanation may be related to market adjustments. As shown in Hong 
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Kong, the same-month USEPU significantly increases stock market volatility 

which may cause overreactions. We then include the GFC into consideration and 

compare the results of Column II with those of Column I. We can find that one 

more stock market (i.e. South Korean market) is positively affected by the 

contemporary USEPU and the negative impact of one-month-earlier USEPU on 

the Indian stock market turns insignificant. This implies the reinforcement of US 

influence on global financial markets under the pressure of GFC. After the GFC, 

China’s stock market volatility is negatively associated with CNEPU from the 

month prior. Considering the results shown in Panel A of Table 4-3A, we find a 

change in reaction mode of the Chinese stock market: it is affected by CNEPU at 

daily frequency during the pre-GFC period and at monthly frequency during the 

post-GFC period. This shift may be related to multiple financial developments in 

China, with increasing institutional investors (Wen et al., 2021), emerging non-

state-owned enterprises and loosening government controls (Carpenter and 

Whitelaw, 2017). We also notice that stock market volatility in Hong Kong and 

Japan, which used to be affected by the same-month USEPU before the GFC, is 

positively affected by the same-month CNEPU after the GFC, signalling rising 

Chinese influence. 
 
Table 4-5B Parameter estimates of the AR-RVol-EPU models (non-Asian stock markets) 

 Pre-GFC (excluding GFC) Pre-GFC (including GFC) Post-GFC period 
 I II III 

Panel A: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in Canada 

𝜑;<,= 
0.0006 

(0.0012) 
0.0016 

(0.0025) 
0.0027 

(0.0011) 
𝜑;<,2 

-0.0003 
(0.0012) 

0.0011 
(0.0017) 

0.0001 
(0.0009) 

𝜑?@,= 
0.0011 

(0.0008) 
0.0052* 
(0.0013) 

0.0015 
(0.0015) 

𝜑?@,2 
-0.0011 
(0.0009) 

-0.0025 
(0.0018) 

-0.0013 
(0.0009) 

Panel B: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in France 

𝜑;<,= 
0.0001 

(0.0020) 
0.0019 

(0.0016) 
0.0041 

(0.0019) 
𝜑;<,2 

-0.0017 
(0.0016) 

-0.0004 
(0.0017) 

-0.0005 
(0.0016) 

𝜑?@,= 
0.0059 

(0.0031) 
0.0063* 
(0.0017) 

0.0020 
(0.0017) 

𝜑?@,2 
-0.0042 
(0.0023) 

-0.0026 
(0.0018) 

-0.0017 
(0.0011) 

Panel C: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in Germany 

𝜑;<,= 
0.0007 

(0.0022) 
0.0016 

(0.0018) 
0.0040 

(0.0023) 

𝜑;<,2 
-0.0022 
(0.0019) 

-0.0011 
(0.0017) 

-0.0008 
(0.0016) 

𝜑?@,= 
0.0065 

(0.0032) 
0.0066* 
(0.0022) 

0.0017 
(0.0015) 

𝜑?@,2 
-0.0045 
(0.0025) 

-0.0019 
(0.0024) 

-0.0017 
(0.0010) 

Panel D: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in Switzerland 
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𝜑;<,= 
0.0013 

(0.0014) 
0.0021 

(0.0014) 
0.0033 

(0.0018) 

𝜑;<,2 
-0.0007 
(0.0013) 

0.0001 
(0.0015) 

-0.0008 
(0.0016) 

𝜑?@,= 
0.0050 

(0.0023) 
0.0049* 
(0.0016) 

0.0023 
(0.0019) 

𝜑?@,2 
-0.0038 
(0.0018) 

-0.0020 
(0.0016) 

-0.0017 
(0.0012) 

Panel E: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in United Kingdom 

𝜑;<,= 
-0.0001 
(0.0018) 

0.0031 
(0.0018) 

0.0039 
(0.0016) 

𝜑;<,2 
-0.0017 
(0.0016) 

0.0001 
(0.0017) 

-0.0008 
(0.0014) 

𝜑?@,= 
0.0043* 
(0.0015) 

0.0055* 
(0.0010) 

0.0025 
(0.0017) 

𝜑?@,2 
-0.0030 
(0.0014) 

-0.0022 
(0.0014) 

-0.0016 
(0.0011) 

Panel F: The AR term is monthly 𝑅𝑉𝑜𝑙 of stock market in United States 

𝜑;<,= 
-0.0005 
(0.0015) 

0.0032 
(0.0017) 

0.0040 
(0.0017) 

𝜑;<,2 
-0.0026 
(0.0014) 

-0.0003 
(0.0015) 

-0.0004 
(0.0017) 

𝜑?@,= 
0.0034 

(0.0014) 
0.0053* 
(0.0009) 

0.0026 
(0.0019) 

𝜑?@,2 
-0.0020 
(0.0012) 

-0.0024 
(0.0013) 

-0.0019 
(0.0012) 

Note: 𝜑LM,H, 𝜑LM,$, 𝜑NO,H and 𝜑NO,$ are parameters in Eq.(7) in the Methodology section for the same-
month Chinese EPU, one-month-earlier Chinese EPU, the same-month US EPU and one-month-earlier US 
EPU, respectively. Owing to space limitations, we do not report the entire equations. Numbers in 
parentheses are standard errors (based on covariance correction when needed). Estimates are in bold if 
reject the null hypothesis of t-test at 5% significance level, and further added * if reject the null hypothesis 
of t-test at 1% significance level. 
 
Moving on to the group of non-Asian economies (see Table 4-5B), we have 

several findings: (1) Compared to the daily results shown in Table 4-3B, more 

estimates are statistically significant at 5% significance level in Column I for pre-

GFC (excluding GFC) samples. Specifically, stock market volatility is positively 

affected by the same-month USEPU and negatively affected by the prior-month 

USEPU in Switzerland and the UK. The stock market volatility in Germany and 

the US is also positively associated with contemporary USEPU. (2) If we consider 

the GFC, the positive effect of the same-month USEPU is significant for all six 

economies. This implies that US influence is strengthened by the GFC. (3) During 

the post-GFC period, there are signs of Chinese influence. The contemporary 

CNEPU has a positive impact on stock market volatility in Canada, France, the 

UK and the US. This finding is consistent with Tsai (2017) that the volatility of 

European markets is vulnerable to the effect of Chinese EPU at monthly 

frequency, which may be attributable to high trade dependence. Along with the 

results for Column III of Table 4-5A, stock markets affected by the same-month 

CNEPU are all developed markets. Another possible reason for this lies in the 

popular portfolio strategy that international investors diversify their assets across 
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emerging (high-growth) and developed (high-quality) markets (e.g. Mensi et al., 

2017; Thomas et al., 2019). 
 
4.4.2.2 The spillover table of each sub-sample at monthly frequency 
 
Furthermore, we apply the generalized DY framework onto the log-range of 

monthly variables and choose the optimal lag based on BIC criterion. Lag is equal 

to one for all VAR models. In the VAR model, each variable is regressed on its 

own lag and the lag of other variables. The 6 months-ahead forecast-error-

variance decomposition is reported in in Tables 4-6A and 6B, respectively. 

 

Table 4-6A The spillover table for pre-GFC (excluding GFC), pre-GFC (including GFC) 
and post-GFC Asian samples (monthly dataset) 

 Pre-GFC (excluding GFC) Pre-GFC (including GFC) Post-GFC period 
Panel A: Stock market in China 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 98.41 1.02 0.57 1.59 96.51 2.71 0.77 3.48 93.45 5.54 1.01 6.55 

CEPU 0.43 77.95 21.62 22.05 2.00 67.26 30.75 32.75 9.68 72.49 17.83 27.51 
UEPU 0.91 2.39 96.70 3.30 0.52 12.89 86.60 13.41 0.33 14.59 85.08 14.92 

To 1.34 3.41 22.19 8.98 2.52 15.60 31.52 16.55 10.01 20.13 18.84 16.33 
Panel B: Stock market in Hong Kong 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 92.52 0.31 7.17 7.48 78.53 7.63 13.84 21.47 88.99 7.50 3.52 11.02 

CEPU 0.62 78.87 20.51 21.13 10.18 63.79 26.03 36.21 14.14 71.27 14.59 28.73 
UEPU 2.23 2.08 95.69 4.31 17.60 10.76 71.64 28.36 4.92 11.71 83.37 16.63 

To 2.85 2.39 27.68 10.97 27.78 18.39 39.87 28.68 19.06 19.21 18.11 18.79 
Panel C: Stock market in India 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 97.55 0.49 1.96 2.45 94.81 1.22 3.97 5.19 84.83 9.08 6.08 15.16 

CEPU 0.95 77.56 21.48 22.43 0.72 69.49 29.79 30.51 10.54 75.87 13.58 24.12 
UEPU 0.93 2.17 96.90 3.10 2.78 11.42 85.80 14.20 14.49 10.01 75.50 24.50 

To 1.88 2.66 23.44 9.33 3.50 12.64 33.76 16.63 25.03 19.09 19.66 21.26 
Panel D: Stock market in Japan 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 95.17 0.64 4.19 4.83 69.97 10.64 19.39 30.03 85.28 9.01 5.70 14.71 

CEPU 1.33 78.26 20.41 21.74 10.99 63.20 25.82 36.81 8.64 75.74 15.62 24.26 
UEPU 13.97 1.95 84.09 15.92 25.04 10.72 64.24 35.76 6.09 11.85 82.05 17.94 

To 15.30 2.59 24.60 14.16 36.03 21.36 45.21 34.20 14.73 20.86 21.32 18.97 
Panel E: Stock market in South Korea 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 97.20 0.80 2.00 2.80 79.07 7.58 13.35 20.93 79.37 6.17 14.47 20.64 

CEPU 0.78 77.48 21.74 22.52 8.16 64.83 27.01 35.17 14.33 72.77 12.91 27.24 
UEPU 1.33 2.50 96.16 3.83 15.65 11.51 72.84 27.16 23.77 8.64 67.59 32.41 

To 2.11 3.30 23.74 9.72 23.81 19.09 40.36 27.75 38.10 14.81 27.38 26.76 
Note: The forecast horizon is set to 6 months. RVol, CEPU and UEPU represent 𝑅𝑉𝑜𝑙&, Chinese EPU index 
(CNEPU) and US EPU index (USEPU) respectively. All numbers are expressed in percentage. The 3*3 
decomposition matrix is shown in shadow for each stock market during each sub-period. The entries 
indicating pairwise directional spillovers from CNEPU (or USEPU) to stock market volatility are shown in 
bold. The total spillover index of each decomposition matrix is shown in Italic style. 
 
The “average” spillovers among monthly variables are more noticeable than 

those among daily variables, shown in Table 4-4A and Table 4-4B, with most of 

the fractions indicating spillovers from CNEPU (or USEPU) to 𝑅𝑉𝑜𝑙 larger than 

1%. The spillover from USEPU to CNEPU is also more remarkable in each 
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decomposition matrix of monthly variables. Let’s look at the group of Asian stock 

markets first (see Table 4-6A). Except in Chinese stock market, USEPU 

accounts for a larger fraction of 𝑅𝑉𝑜𝑙 ’s forecast-error-variance than CNEPU 

during the pre-GFC (excluding GFC) period. After taking the GFC into 

consideration, spillovers from USEPU to 𝑅𝑉𝑜𝑙  increase in all stock markets, 

particularly in Japan (19.39%), Hong Kong (13.84%) and South Korea (13.35%). 

This indicates that the financial crisis reinforces the impact of USEPU on stock 

markets at monthly frequency. During the post-GFC period, except in South 

Korean stock market, 𝑅𝑉𝑜𝑙  receives more spillovers from CNEPU than from 

USEPU. Since stock markets in Hong Kong, India and Japan used to be more 

affected by USEPU before the GFC, this finding implies the rise of Chinese 

influence in the Asian region after the GFC. As for the total spillover index, 

reported in italics, the index of post-GFC sample is larger than that of pre-GFC 

(excluding GFC) sample in all markets. Moreover, the net spillover of a variable 

is defined as the difference between gross shocks transmitted to and those 

received from all other variables. The net spillover of 𝑅𝑉𝑜𝑙 is negative in some 

matrices. For example, Chinese stock market volatility is a net receiver during 

pre-GFC periods with or without the GFC. Wang et al. (2020) investigate 

asymmetric spillovers among monthly Chinese 𝑅𝑉𝑜𝑙, CNEPU and USEPU. They 

adopt a definition of monthly 𝑅𝑉𝑜𝑙 different from the one in this study and find that 

Chinese 𝑅𝑉𝑜𝑙 is a net receiver in the full sample analysis for the period January 

2000 to December 2019. 
 
Table 4-6B The spillover table for pre-GFC (excluding GFC), pre-GFC (including GFC) 
and post-GFC non-Asian samples (monthly dataset) 

 Pre-GFC (excluding GFC) Pre-GFC (including GFC) Post-GFC period 
Panel A: Stock market in Canada 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 97.42 0.08 2.50 2.58 81.73 7.18 11.09 18.27 81.63 11.43 6.94 18.37 

CEPU 0.95 93.07 5.98 6.93 4.07 65.00 30.92 34.99 15.77 71.60 12.63 28.40 
UEPU 16.30 0.72 82.98 17.02 33.82 21.05 45.13 54.87 20.52 9.45 70.04 29.97 

To 17.25 0.80 8.48 8.84 37.89 28.23 42.01 36.04 36.29 20.88 19.57 25.58 
Panel B: Stock market in France 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 87.10 1.12 11.78 12.90 67.42 8.52 24.05 32.57 83.61 7.65 8.74 16.39 

CEPU 8.22 73.04 18.74 26.96 16.16 60.18 23.66 39.82 22.37 66.64 10.99 33.36 
UEPU 34.04 2.57 63.39 36.61 33.66 9.67 56.67 43.33 21.49 7.69 70.82 29.18 

To 42.26 3.69 30.52 25.49 49.82 18.19 47.71 38.57 43.86 15.34 19.73 26.31 
Panel C: Stock market in Germany 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 87.77 0.64 11.59 12.23 66.90 7.57 25.53 33.10 86.28 7.23 6.49 13.72 

CEPU 6.41 73.95 19.64 26.05 12.87 61.83 25.30 38.17 20.66 66.82 12.53 33.19 
UEPU 34.86 2.96 62.18 37.82 30.39 10.21 59.40 40.60 15.01 9.25 75.74 24.26 

To 41.27 3.60 31.23 25.37 43.26 17.78 50.83 37.29 35.67 16.48 19.02 23.72 
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Panel D: Stock market in Switzerland 
 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 

RVol 86.48 1.23 12.28 13.51 66.99 8.15 24.87 33.02 81.90 8.50 9.60 18.10 
CEPU 10.41 72.74 16.85 27.26 16.96 59.97 23.07 40.03 20.23 67.37 12.40 32.63 
UEPU 35.67 1.93 62.40 37.60 31.99 9.05 58.96 41.05 19.27 8.82 71.91 28.09 

To 36.08 3.16 29.13 26.13 48.95 17.20 47.94 38.03 39.50 17.32 22.00 26.27 
Panel E: Stock market in United Kingdom 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 89.56 0.44 9.99 10.43 68.07 8.17 23.76 31.93 80.23 10.43 9.34 19.77 

CEPU 5.23 74.78 19.99 25.22 17.06 59.54 23.40 40.46 21.20 67.92 10.88 32.08 
UEPU 25.08 2.12 72.80 27.20 29.85 9.11 61.04 38.96 26.05 7.70 66.25 33.75 

To 30.31 2.56 29.98 20.95 46.91 17.28 47.16 37.11 47.25 18.13 20.22 28.53 
Panel F: Stock market in United States 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 86.09 0.59 13.32 13.91 69.93 9.48 20.60 30.08 78.36 10.13 11.52 21.65 

CEPU 7.79 73.15 19.06 26.85 16.27 59.98 23.74 40.01 17.02 70.58 12.40 29.42 
UEPU 30.67 2.11 67.21 32.78 29.22 9.84 60.94 39.06 26.60 8.65 64.76 35.25 

To 38.46 2.70 32.38 24.52 45.49 19.32 44.34 36.38 43.62 18.78 23.92 28.77 
Note: The forecast horizon is set to 6 months. RVol, CEPU and UEPU represent 𝑅𝑉𝑜𝑙&, Chinese EPU index 
(CNEPU) and US EPU index (USEPU) respectively. All numbers are expressed in percentage. The 3*3 
decomposition matrix is shown in shadow for each stock market during each sub-period. The entries 
indicating pairwise directional spillovers from CNEPU (or USEPU) to stock market volatility are shown in 
bold. The total spillover index of each decomposition matrix is shown in Italic style. 
 
Next, we move on to the group of non-Asian stock markets (see Table 4-6B). It 

is noted that data for Canada is available from May 2002, while data for other 

economies is available from January 2000. We observe that the USEPU 

contributes more than CNEPU to 𝑅𝑉𝑜𝑙 for each economy during the pre-GFC 

(excluding GFC) period. The fraction of forecast-error-variance of 𝑅𝑉𝑜𝑙 

contributed by USEPU is larger than 10% in France, Germany, Switzerland and 

the US during this period. As expected, USEPU accounts for a larger fraction of 

𝑅𝑉𝑜𝑙’s forecast-error-variance after considering GFC. And comparing the levels 

of spillovers from USEPU to 𝑅𝑉𝑜𝑙 with those presented in Table 4-6A, we find 

that US influence is more noticeable in Europe than in Asia during the pre-GFC 

periods, with and without GFC. Next, the pairwise directional spillover index from 

CNEPU to 𝑅𝑉𝑜𝑙	of the post-GFC sample is always larger than that of the 

corresponding pre-GFC (excluding GFC) sample. The fraction contributed by 

CNEPU even surpasses that contributed by USEPU in some stock markets post-

GFC. This implies that the growing influence of China is also observed outside 

Asia. As for the total spillover index, the pre-GFC (including GFC) sample has 

the highest index across three sub-samples in all six economies.  

 
4.4.3 Dynamic analysis: The rolling-sample spillover plot  
 
The spillover table comprising the 3*3 decomposition matrix and the discussion 

of the “average” spillover behavior among 𝑅𝑉𝑜𝑙 , CNEPU and USEPU are 
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presented in previous sections. However, utilizing all observations of a sub-

sample can only give a general view of this sub-period. In this section, the 

dynamic pattern of spillovers is examined by employing a rolling-window method. 

As suggested in Diebold and Yilmaz (2012), we apply 200-day rolling samples. It 

is better to estimate spillover dynamics of daily data rather than monthly data 

because we have more observations at daily frequency. We investigate the 

spillover from CNEPU (or USEPU) to 𝑅𝑉𝑜𝑙, i.e. the fraction of 𝑅𝑉𝑜𝑙’ forecast-

error-variance that is due to shocks to EPU in China or the US. In the spillover 

table, we highlight these two entries in bold. In this section, we draw two lines for 

each stock market, depicting spillovers received by 𝑅𝑉𝑜𝑙 from CNEPU and from 

USEPU. The first 200 days occupy different lengths of observation for different 

markets. We uniformly report the time-varying directional pairwise spillover from 

the start of 2001 to the end of 2021. 

 

We pay attention to two periods of events: one covers the period of GFC (Jul. 

2017 to Dec. 2019); the other covers the process of the US-China trade disputes 

and the first year of the COVID-19 pandemic. The starting point of the US-China 

trade conflicts is March 2018 when Trump signed a memorandum on China-

specific tariffs. The World Health Organization (WHO) officially expressed 

concerns about COVID-19 in January 2020 and declared the COVID-19 outbreak 

a pandemic in March 2020. These events occurred after the GFC and affected 

stock market co-movements between China and other economies (Shi et al., 

2021; Shi, 2022). We are curious about which EPU indices, CNEPU or USEPU, 

affect stock markets more remarkably during the turmoil period. The identification 

method is the Cholesky Factorization and the H-step-ahead is set to 20 days-

ahead, consistent with the setting in Section 4.4.1.2. The lag of VAR is set to one. 

The results are summarized in Figure 4-2A for Asian economies and Figure 4-
2B for non-Asian economies. 
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Figure 4-2A The dynamics of pairwise directional spillovers (Asian stock markets) 

Note: The pairwise directional spillover index 𝛿&@	(𝐻)  is defined by the fraction of the H-step-ahead 
forecast error variance of 𝑥& that is due to 𝑥@. The red line shows the time-varying spillover received by 
𝑅𝑉𝑜𝑙 from CNEPU, while the blue line shows the time-varying spillover received by 𝑅𝑉𝑜𝑙 from USEPU. 
The level of fractions is reported on the vertical axis. And the horizonal dashed line in grey denotes the 
level of 1.0%. We highlight two time intervals by vertical dashed lines. From the left to the right, the first 
interval is approximately the period of GFC (Jul. 2007 to Dec. 2009); the second interval is approximately 
the period covering the US-China trade dispute and the COVID-19 pandemic outbreak (Mar. 2018 to Dec. 
2020).  
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Figure 4-2B The dynamics of pairwise directional spillovers (non-Asian stock markets) 

Note: The pairwise directional spillover index 𝛿&@	(𝐻)  is defined by the fraction of the H-step-ahead 
forecast error variance of 𝑥& that is due to 𝑥@. The red line shows the time-varying spillover received by 
𝑅𝑉𝑜𝑙 from CNEPU, while the blue line shows the time-varying spillover received by 𝑅𝑉𝑜𝑙 from USEPU. 
The level of fractions is reported on the vertical axis. And the horizonal dashed line in grey denotes the 
level of 1.0%. The 𝑅𝑉 observations during 03 Jan. 2000 to 01 May 2002 are absent for stock market of 
Canada from our data source. We highlight two time intervals by vertical dashed lines. From the left to the 
right, the first interval is approximately the period of GFC (Jul. 2007 to Dec. 2009); the second interval is 
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approximately the period covering the US-China trade dispute and the COVID-19 pandemic outbreak (Mar. 
2018 to Dec. 2020).  
 
Both Figures 4-2A and 4-2B demonstrate that fractions are small for most dates, 

with many smaller than 1%. There is an obvious surge of spillovers from EPU 

during the period of GFC (see the first interval distinguished by vertical dashed 

lines). The spillovers from USEPU overwhelm those from CNEPU in most 

markets during this period, except that China is mainly affected by CNEPU. 

Besides, spillovers from USEPU are active between 2010 and 2012, post-GFC. 

Particularly, in the group of non-Asian economies, the levels of fractions 

contributed by USEPU peak around mid-2011 for France, Germany, Switzerland, 

the UK and the US. The surge of spillovers from USEPU in the years following 

the GFC may be related to two aftermaths: the European Sovereign Debt Crisis 

(ESDC) was partly caused by the GFC and led to risk spread among European 

stock markets (Nitoi and Pochea, 2019); and the US Federal Reserve System 

announced a second round of quantitative easing in November 2010 to buy $600 

billion of Treasury securities by the end of the second quarter of 2011 (QE2: Fed 

pulls the tigger). 

 

Moving on to the second time interval covering more recent turmoil43, two main 

findings are presented by Figure 4-2A and Figure 4-2B: (1) A moderate increase 

in spillovers from EPU (CNEPU & USEPU) shows up after mid-2018 in the 

Chinese stock market. For other economies, the level of spillovers are low at that 

time. This may be related to US-China trade disputes. Shi et al. (2021) investigate 

the announcement effect of US-China negotiations and find that the release of 

news about the US-China trade war stimulates the volatility of mainland China’s 

stock market. (2) The spillover from USEPU to 𝑅𝑉𝑜𝑙 remarkably increases in 

early-2020 for all economies, especially Hong Kong, India, South Korea, Canada, 

France and the US. This may be related to the outbreak of the COVID-19 when 

the WTO declared it as a pandemic in March 2020. Given that the fraction 

contributed by CNEPU is small meanwhile, it seems that USEPU always has a 

 
43 The overlapping period of US-China trade conflicts and COVID-19 pandemic is very limited. 
The intensification of US-China tension was ended by the Phase One trade deal signed on 
January 15, 2020. Although COVID-19 disease was first found in December, 2019, the WTO 
officially declared it as a Public Health Emergency of International Concern on 30 January 2020, 
and a pandemic on 11 March 2020. 
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dominant impact on international stock markets during periods of turbulence at 

daily frequency.  

 

4.5 Robustness check 
 
Firstly, we utilized Cholesky factorization to decompose forecast error variance 

in the DY framework of daily 𝑅𝑉𝑜𝑙, daily Chinese EPU index and daily US EPU 

index. The identification strategy may be sensitive to the ordering of variables. In 

each set of VAR model, there are 3! = 6 possible orderings of variables. The 

changes in orderings have a slight effect on the estimation of numbers in the 

decomposition matrix. But the comparison between spillovers received by 𝑅𝑉𝑜𝑙 

from CNEPU and from USEPU is not substantially affected across different 

orderings. Owing to space limitations, we only report other possible orderings of 

variables in the Appendix B (see Tables B.1 & B.2). The full list of possible 

orderings is available from the authors upon request. 

 

Diebold and Yilmaz (2015) point out that there is no reason why the spillover 

index should be “robust” to the choice of forecast horizon (i.e. H-step-ahead), but 

suggest the examination of a menu of H values as an interesting part of a 

phenomenological investigation. The results for the 10 days-ahead-forecast of 

daily variables are presented in Tables B.3 & B.4 in the Appendix B. Since 

shocks to variable 𝑗 may impact the forecast error variance of variable 𝑖 only with 

one lag, the pairwise directional spillover index 𝛿!- may be tiny for small H but 

larger for larger H. However, the relative size between pairwise spillover indices 

from CNEPU to RVol and from USEPU to RVol is not substantially changed. The 

results for 30 days-ahead-forecast of daily variables and 3 months-ahead-

forecast (or 12 months-ahead forecast) of monthly variables are also available 

from the authors upon request. 

 

Finally, as presented in section 4.4.1.1, the regression analysis is conducted for 

pre-GFC, GFC and post-GFC periods, respectively. In this section, we adopt the 

regression model of the whole sample with dummy variables to distinguish the 

impact for different sub-samples. The extended equations (see Eq. 11.1-11.3) 

are built on standard, asymmetric and leveraged HAR models. These three new-
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created models are named as H1, H2, and H3, respectively. By introducing 

dummy variables and interaction terms for the GFC and post-GFC periods, we 

distinguish the impact of EPU indices during these two sub-periods relative to the 

baseline (pre-GFC period). 
𝑅𝑉0,1 = 𝑐 + 𝛽2𝑅𝑉0,1#2 + 𝛽3𝑅𝑉𝑊0,[1#5,1#2] + 𝛽7𝑅𝑉𝑀0,[1#88,1#2] + 𝜃9,=𝐸𝑃𝑈;<,1 + 𝜃9,2𝐸𝑃𝑈;<,1#2 + 𝜃>,2𝐸𝑃𝑈?@,1#2 + 𝜑C𝑑DE;

+ 𝜑F𝑑FGHI#DE; + 𝜃C,9=E𝑑DE; ∗ 𝐸𝑃𝑈;<,1G + 𝜃C,92(𝑑DE; ∗ 𝐸𝑃𝑈;<,1#2) + 𝜃C,>2(𝑑DE; ∗ 𝐸𝑃𝑈?@,1#2)

+ 𝜃F,9=E𝑑FGHI#DE; ∗ 𝐸𝑃𝑈;<,1G + 𝜃F,92(𝑑FGHI#DE; ∗ 𝐸𝑃𝑈;<,1#2) + 𝜃F,>2(𝑑FGHI#DE; ∗ 𝐸𝑃𝑈?@,1#2) + 𝜀0,1	(11.1) 

𝑅𝑉0,1 = 𝑐 + 𝛽2)𝑅𝑆𝑉0,1#2) + 𝛽2#𝑅𝑆𝑉0,1#2# + 𝛽3𝑅𝑉𝑊0,[1#5,1#2] + 𝛽7𝑅𝑉𝑀0,[1#88,1#2] + 𝜃9,=𝐸𝑃𝑈;<,1 + 𝜃9,2𝐸𝑃𝑈;<,1#2 + 𝜃>,2𝐸𝑃𝑈?@,1#2

+ 𝜑C𝑑DE; + 𝜑F𝑑FGHI#DE; + 𝜃C,9=E𝑑DE; ∗ 𝐸𝑃𝑈;<,1G + 𝜃C,92(𝑑DE; ∗ 𝐸𝑃𝑈;<,1#2) + 𝜃C,>2(𝑑DE; ∗ 𝐸𝑃𝑈?@,1#2)

+ 𝜃F,9=E𝑑FGHI#DE; ∗ 𝐸𝑃𝑈;<,1G + 𝜃F,92(𝑑FGHI#DE; ∗ 𝐸𝑃𝑈;<,1#2) + 𝜃F,>2(𝑑FGHI#DE; ∗ 𝐸𝑃𝑈?@,1#2) + 𝜀0,1	(11.2) 

𝑅𝑉0,1 = 𝑐 + 𝛽A𝑆𝐽0,1#2 + 𝛽B𝐵𝑉0,1#2 + 	𝛽3𝑅𝑉𝑊0,[1#5,1#2] + 𝛽7𝑅𝑉𝑀0,[1#88,1#2] + 𝜃9,=𝐸𝑃𝑈;<,1 + 𝜃9,2𝐸𝑃𝑈;<,1#2 + 𝜃>,2𝐸𝑃𝑈?@,1#2

+ 𝜑C𝑑DE; + 𝜑F𝑑FGHI#DE; + 𝜃C,9=E𝑑DE; ∗ 𝐸𝑃𝑈;<,1G + 𝜃C,92(𝑑DE; ∗ 𝐸𝑃𝑈;<,1#2) + 𝜃C,>2(𝑑DE; ∗ 𝐸𝑃𝑈?@,1#2)

+ 𝜃F,9=E𝑑FGHI#DE; ∗ 𝐸𝑃𝑈;<,1G + 𝜃F,92(𝑑FGHI#DE; ∗ 𝐸𝑃𝑈;<,1#2) + 𝜃F,>2(𝑑FGHI#DE; ∗ 𝐸𝑃𝑈?@,1#2) + 𝜀0,1(11.3) 

where 𝑑DE; is a dummy variable equal to 1 when day 𝑑 is during the GFC period; 𝑑FGHI#DE; is a dummy variable equal to 

1 when day 𝑑 is during the post-GFC period. 

 

The regression results of Eq.(11.1-11.3) are presented in Tables B.5 & B.6 in the 

Appendix B. The estimates for parameters,  𝜃+,., 𝜃+,$, 𝜃P,$, 𝜃Q,+., 𝜃Q,+$, 𝜃Q,P$, 𝜃N,+., 

𝜃N,+$, 𝜃N,P$ are of our most interest. Consistent with the empirical results shown 

in Table 4-3A & 3B: (1) China (mainland) and Hong Kong stock markets are 

affected by the same-day CNEPU and the prior-day CNEPU respectively, while 

Hong Kong stock market is significantly affected by the same-day CNEPU during 

the post-GFC period relative to baseline; (2) Compared to the pre-GFC period, 

the GFC period witnesses a significant and positive impact of the prior-day 

USEPU on stock markets in India, South Korea, France, Germany, Switzerland 

and United Kingdom. Besides, in the Panel C (Germany) of Table B.6, parameter 

estimates for 𝐸𝑃𝑈;<,1 are negative and significant, while estimates for 𝑑FGHI#DE; ∗ 𝐸𝑃𝑈;<,1 

are significant and positive. It is noted that the results for pre-GFC and post-GFC 

sub-samples in the Panel C of Table 4-3B also suggest changes in the sign of 

the contemporary CNEPU, though those estimates are not statistically significant 

at 5% significance level. 

 

4.6 Conclusion 
 
To the best of our knowledge, this paper is the first attempt to compare the 

impacts of economic policy uncertainty (proxied by EPU indices) in China and the 

US on major stock markets’ realized volatility at both daily and monthly 
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frequencies. Utilizing daily and monthly data allows us to identify short and long-

term effects. The full sample period is divided into three sub-periods distinguished 

by the Global Financial Crisis (GFC, 2007-2009): pre-GFC, GFC and post-GFC 

periods44 . We employ two popular methods to investigate whether the EPU 

affects stock market volatility. The first method is to incorporate the same-day 

(month) and the prior-day (month) EPU levels as exogenous shocks into the 

autoregression of realized volatility. The second one is to apply the spillover index 

of the Diebold and Yilmaz (DY) onto the vector of endogenous variables including 

𝑅𝑉𝑜𝑙, Chinese EPU index (CNEPU) and US EPU index (USEPU). Generally, 

short-term effects are weaker than long-term effects during pre-GFC and post-

GFC periods, with parameter estimates of daily EPU indices mostly insignificant 

and spillovers received by stock volatility from daily EPU indices mostly smaller 

than 1%.  

 

Regarding the timing of CNEPU and USEPU having a significant effect on the 

volatility of international stock markets, primary empirical results are summarized 

as follows: (1) Before the GFC, compared to (no matter whether daily or monthly) 

CNEPU, monthly USEPU significantly affects more stock markets. (2) The GFC 

highlights both daily and monthly impacts of USPEU on most of the eleven stock 

markets from the perspectives of exogenous shocks as well as endogenous 

spillovers. (3) After the GFC, the influence of monthly CNEPU shows up and 

surpasses that of monthly USEPU in some stock markets. (4) The figures of time-

varying pairwise directional spillovers indicate that USEPU plays a dominant role 

in affecting the stock market volatility of most economies at daily frequency. The 

extent of dynamic spillovers is driven by turmoil such as the outbreak of the 

COVID-19 pandemic. 

 

As for the divergence in stock market reactions to CNEPU and USEPU across 

different economies, empirical analyses mainly present following findings: (1) 

During the pre-GFC period, stock markets in China and Hong Kong are affected 

by daily CNEPU, while other stock markets are mostly unaffected at daily 

frequency. Meanwhile, European stock markets are more affected by USEPU 

 
44 Or pre-GFC (excluding GFC), pre-GFC (including GFC) and post-GFC periods at monthly frequency 
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than Asian stock markets at monthly frequency. Supporting evidence is that 

spillovers from USEPU to 𝑅𝑉𝑜𝑙 in these economies are commonly larger than 

those in Asian economies. (2) After taking the GFC into consideration, the impact 

of USEPU is enhanced, especially for European markets which receive higher 

levels of spillovers from USEPU than other markets. (3) During the post-GFC 

period, as exogenous shocks, the same-month CNEPU affects stock markets in 

Hong Kong, Japan, Canada, France, the UK and the US. These stock markets 

are not all located in Asia. Similar findings can be observed in the spillover tables 

of monthly data, where the fractions of RVol’s forecast error variance contributed 

by CNEPU are larger than those contributed by USEPU in several stock markets, 

not necessarily located in Asia. 

 

To summarize, these findings point to the rising influence of China during the 

post-GFC period on stock markets not restricted to the Asian region, which is 

mostly observed in the long-term (over months) rather than in the short-term (over 

days). There are some interesting implications. Firstly, policy uncertainty in the 

US is still a major concern of policy makers and international investors. It is noted 

that USEPU plays a critical role in affecting stock volatility of most economies at 

daily frequency, especially in periods of turmoil. US influence also exists at 

monthly frequency, although it no longer overwhelms the Chinese influence in 

some stock markets. Secondly, Chinese influence is an emerging issue of policy 

risk in the global investment environment. For a long-term holding portfolio, a 

smoothing strategy is to diversify investments in different stock markets that are 

mainly stressed by economic policy uncertainty in different influential economies. 

Transnational financial organizations, such as the World Bank, are encouraged 

to enhance their assessment of policy risk in China. Finally, the empirical findings 

of this study should provide new initiatives and interesting questions for further 

investigation and research. For example, future studies are needed to explain 

why some markets have become more affected by monthly CNEPU.  

 

Appendix A 
 
Table A.1 Correlations between Chinese EPU and the US EPU 

Panel A: Daily Dataset 
Pre-GFC period GFC period Post-GFC period 
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 CNEPU USEPU  CNEPU USEPU  CNEPU USEPU 
CNEPU 1.0000  CNEPU 1.0000  CNEPU 1.0000  
USEPU 0.0314 1.0000 USEPU 0.2179 1.0000 USEPU 0.1161 1.0000 

Panel B: Monthly Dataset 
Pre-GFC period (excluding GFC) Pre-GFC period (including GFC) Post-GFC period 

 CNEPU USEPU  CNEPU USEPU  CNEPU USEPU 
CNEPU 1.0000  CNEPU 1.0000  CNEPU 1.0000  
USEPU 0.1370 1.0000 USEPU 0.3612 1.0000 USEPU 0.3018 1.0000 

 

Appendix B 
 
Table B.1 The spillover table of daily variables for Asian stock markets (different 
ordering) 

 Pre-GFC period GFC period Post-GFC period 
Panel A: Stock market in China 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 99.35 0.06 0.58 0.64 97.66 1.12 1.22 2.34 99.33 0.55 0.12 0.67 
UEPU 0.21 99.69 0.10 0.31 7.59 91.48 0.93 8.52 0.14 99.77 0.09 0.23 
CEPU 0.64 1.98 97.38 2.62 7.29 7.00 85.71 14.29 3.16 3.70 93.14 6.86 

To 0.85 2.04 0.68 1.19 14.88 8.12 2.15 8.39 3.30 4.25 0.21 2.59 
Panel B: Stock market in Hong Kong 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 98.93 0.34 0.73 1.07 94.06 4.81 1.12 5.93 99.32 0.57 0.12 0.69 
UEPU 0.55 99.39 0.07 0.62 22.51 77.08 0.41 22.92 3.90 95.48 0.62 4.52 
CEPU 0.31 2.07 97.62 2.38 9.00 4.48 86.52 13.48 6.27 2.79 90.93 9.06 

To 0.86 2.41 0.80 1.35 31.51 9.29 1.53 14.11 10.17 3.36 0.74 4.76 
Panel C: Stock market in India 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 99.04 0.21 0.75 0.96 94.17 5.09 0.74 5.83 99.14 0.76 0.10 0.86 
UEPU 0.10 99.79 0.11 0.21 11.85 87.51 0.64 12.49 14.91 84.48 0.61 15.52 
CEPU 0.72 2.12 97.16 2.84 12.15 5.72 82.13 17.87 2.32 2.07 95.62 4.39 

To 0.82 2.33 0.86 1.34 24.00 10.81 1.38 12.06 17.23 2.83 0.71 6.92 
Panel D: Stock market in Japan 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 99.44 0.43 0.13 0.56 95.39 4.01 0.60 4.61 99.69 0.20 0.11 0.31 
UEPU 3.70 96.28 0.02 3.72 22.51 76.92 0.56 23.07 4.48 95.26 0.26 4.74 
CEPU 0.07 1.13 98.81 1.20 11.74 4.53 83.73 16.27 1.94 2.61 95.45 4.55 

To 3.77 1.56 0.15 1.82 34.25 8.54 1.16 14.65 6.42 2.81 0.37 3.20 
Panel E: Stock market in South Korea 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 97.84 1.96 0.19 2.15 96.11 3.78 0.11 3.89 96.63 3.24 0.14 3.38 
UEPU 0.28 99.68 0.05 0.33 13.47 85.91 0.62 14.09 11.66 87.35 0.99 12.65 
CEPU 0.33 1.88 97.79 2.21 5.89 7.78 86.33 13.67 4.93 1.77 93.30 6.70 

To 0.61 3.84 0.24 1.56 19.36 11.56 0.73 10.55 16.59 5.01 1.13 7.57 
Note: The original ordering of variables in section 4.4.1.2 is (RVol, CNEPU, USEPU). In this table, the ordering is changed 
to (RVol, USEPU, CNEPU). 
 
Table B.2 The spillover table of daily variables for non-Asian stock markets (different 
ordering) 

 Pre-GFC period GFC period Post-GFC period 
Panel A: Stock market in Canada 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 98.98 0.52 0.50 1.02 86.88 7.81 5.31 13.12 99.29 0.64 0.07 0.71 
UEPU 3.61 96.34 0.05 3.66 22.46 76.31 1.23 23.69 13.02 86.15 0.84 13.86 
CEPU 0.15 2.16 97.69 2.31 10.12 5.11 84.77 15.23 4.30 1.50 94.20 5.80 

To 3.76 2.68 0.55 2.33 32.58 12.92 6.54 17.35 17.32 2.14 0.91 6.79 
Panel B: Stock market in France 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 99.16 0.13 0.71 0.84 94.00 5.89 0.11 6.00 99.56 0.33 0.11 0.44 
UEPU 15.05 84.80 0.14 15.19 27.77 72.18 0.06 27.83 12.08 86.64 1.28 13.36 
CEPU 0.36 1.37 98.26 1.73 20.48 2.27 77.25 22.75 4.45 1.40 94.14 5.85 

To 15.41 1.50 0.85 5.92 48.25 8.16 0.17 18.86 16.53 1.73 1.39 6.55 
Panel C: Stock market in Germany 
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 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 97.91 1.91 0.18 2.09 94.01 5.31 0.67 5.98 99.83 0.10 0.06 0.16 
UEPU 13.96 85.98 0.07 14.03 25.68 74.14 0.18 25.86 8.66 90.43 0.91 9.57 
CEPU 0.52 1.67 97.81 2.19 17.07 2.96 79.98 20.03 4.42 1.60 93.97 6.02 

To 14.48 3.58 0.25 6.10 42.75 8.27 0.85 17.29 13.08 1.70 0.97 5.25 
Panel D: Stock market in Switzerland 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 98.97 0.13 0.90 1.03 94.22 5.67 0.10 5.77 99.80 0.12 0.08 0.20 
UEPU 15.53 84.33 0.14 15.67 28.10 71.84 0.06 28.16 13.55 85.58 0.87 14.42 
CEPU 0.47 1.40 98.13 1.87 19.02 2.40 78.58 21.42 3.47 1.36 95.17 4.83 

To 16.00 1.53 1.04 6.19 47.12 8.07 0.16 18.45 17.02 1.48 0.95 6.49 
Panel E: Stock market in United Kingdom 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 99.17 0.80 0.03 0.83 90.66 8.70 0.65 9.35 99.50 0.49 0.01 0.50 
UEPU 12.45 87.50 0.05 12.50 21.79 78.01 0.20 21.99 15.34 83.61 1.05 16.39 
CEPU 0.27 1.53 98.21 1.80 18.66 3.77 77.57 22.43 4.69 1.19 94.12 5.88 

To 12.72 2.33 0.08 5.04 40.45 12.47 0.85 17.92 20.03 1.68 1.06 7.59 
Panel F: Stock market in United States 

 RVol UEPU CEPU From RVol UEPU CEPU From RVol UEPU CEPU From 
RVol 97.17 2.22 0.60 2.82 93.67 4.65 1.67 6.32 99.69 0.26 0.05 0.31 
UEPU 6.52 93.37 0.11 6.63 32.33 67.16 0.50 32.83 15.11 83.92 0.97 16.08 
CEPU 0.51 1.66 97.83 2.17 15.07 2.70 82.23 17.77 4.52 1.14 94.34 5.66 

To 7.03 3.88 0.71 3.88 47.40 7.35 2.17 18.98 19.63 1.40 1.02 7.35 
Note: The original ordering of variables in section 4.4.1.2 is (RVol, CNEPU, USEPU). In this table, the ordering is changed 
to (RVol, USEPU, CNEPU). 
 
Table B.3 The spillover table of daily variables for Asian stock markets (10 days-ahead) 

 Pre-GFC period GFC period Post-GFC period 
Panel A: Stock market in China 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.37 0.57 0.06 0.63 97.72 1.36 0.91 2.27 99.69 0.14 0.17 0.31 
CEPU 0.62 97.47 1.91 2.53 7.07 88.13 4.80 11.87 2.24 95.82 1.94 4.18 
UEPU 0.19 0.12 99.69 0.31 7.39 2.23 90.38 9.62 0.15 0.27 99.58 0.42 

To 0.81 0.69 1.97 1.16 14.46 3.59 5.71 7.92 2.39 0.41 2.11 1.64 
Panel B: Stock market in Hong Kong 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.05 0.71 0.24 0.95 94.60 1.32 4.08 5.40 99.68 0.13 0.19 0.32 
CEPU 0.30 97.83 1.87 2.17 7.97 88.99 3.03 11.00 5.69 92.56 1.74 7.43 
UEPU 0.51 0.12 99.37 0.63 20.84 0.89 78.27 21.73 2.86 0.27 96.87 3.13 

To 0.81 0.83 2.11 1.25 28.81 2.21 7.11 12.71 8.55 0.40 1.93 3.63 
Panel C: Stock market in India 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.19 0.70 0.11 0.81 95.02 0.69 4.29 4.98 99.46 0.12 0.42 0.54 
CEPU 0.71 97.41 1.88 2.59 11.25 84.33 4.42 15.67 1.74 97.03 1.23 2.97 
UEPU 0.10 0.21 99.69 0.31 10.78 0.90 88.32 11.68 8.03 0.31 91.66 8.34 

To 0.81 0.91 1.99 1.24 22.03 1.59 8.71 10.77 9.77 0.43 1.65 3.95 
Panel D: Stock market in Japan 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.51 0.14 0.35 0.49 95.86 0.71 3.43 4.14 99.69 0.10 0.21 0.31 
CEPU 0.06 98.99 0.94 1.00 9.92 86.65 3.43 13.35 1.72 96.88 1.41 3.13 
UEPU 2.29 0.10 97.61 2.39 19.87 0.89 79.24 20.76 2.96 0.20 96.84 3.16 

To 2.35 0.24 1.29 1.30 29.79 1.60 6.86 12.75 4.68 0.30 1.62 2.20 
Panel E: Stock market in South Korea 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 98.53 0.19 1.28 1.47 96.68 0.16 3.15 3.31 98.91 0.06 1.03 1.09 
CEPU 0.32 97.91 1.77 2.09 4.57 89.56 5.86 10.43 4.15 94.89 0.96 5.11 
UEPU 0.19 0.09 99.72 0.28 10.65 1.48 87.86 12.13 7.68 0.43 91.89 8.11 

To 0.51 0.28 3.05 1.28 15.22 1.64 9.01 8.63 11.83 0.49 1.99 4.77 
 
Table B.4 The spillover table of daily variables for non-Asian stock markets (10 days-
ahead) 

 Pre-GFC period GFC period Post-GFC period 
Panel A: Stock market in Canada 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.02 0.48 0.49 0.97 87.55 6.04 6.41 12.45 99.70 0.07 0.23 0.30 
CEPU 0.14 98.00 1.85 1.99 9.22 87.42 3.36 12.58 3.23 95.89 0.88 4.11 
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UEPU 3.47 0.13 96.40 3.60 21.34 1.74 76.91 23.08 7.00 0.41 92.59 7.41 
To 3.61 0.61 2.34 2.19 30.56 7.78 9.77 16.04 10.23 0.48 1.11 3.94 

Panel B: Stock market in France 
 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 

RVol 99.28 0.60 0.12 0.72 94.46 0.17 5.37 5.54 99.75 0.07 0.19 0.26 
CEPU 0.26 98.49 1.25 1.51 17.96 80.50 1.54 19.50 3.17 96.01 0.82 3.99 
UEPU 9.01 0.11 90.88 9.12 25.30 0.18 74.52 25.48 6.45 0.58 92.97 7.03 

To 9.27 0.71 1.37 3.78 43.26 0.35 6.91 16.84 9.62 0.65 1.01 3.76 
Panel C: Stock market in Germany 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 98.49 0.13 1.38 1.51 94.51 0.84 4.65 5.49 99.84 0.07 0.09 0.16 
CEPU 0.49 98.00 1.51 2.00 14.40 83.56 2.04 16.44 2.90 96.13 0.97 3.87 
UEPU 8.35 0.11 91.55 8.46 22.82 0.44 76.75 23.26 4.57 0.40 95.03 4.97 

To 8.84 0.24 2.89 3.99 37.22 1.28 6.69 15.06 7.47 0.47 1.06 3.00 
Panel D: Stock market in Switzerland 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.15 0.69 0.15 0.84 94.69 0.18 5.12 5.30 99.85 0.07 0.08 0.15 
CEPU 0.39 98.29 1.32 1.71 16.37 82.10 1.54 17.91 2.35 96.78 0.87 3.22 
UEPU 9.43 0.07 90.50 9.50 25.38 0.25 74.37 25.63 6.72 0.40 92.89 7.12 

To 9.82 0.76 1.47 4.02 41.75 0.43 6.66 16.28 9.07 0.47 0.95 3.48 
Panel E: Stock market in United Kingdom 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 99.36 0.03 0.61 0.64 91.23 0.84 7.94 8.78 99.77 0.01 0.22 0.23 
CEPU 0.21 98.41 1.37 1.58 17.08 80.15 2.77 19.85 3.66 95.63 0.71 4.37 
UEPU 8.18 0.10 91.71 8.28 20.27 0.40 79.33 20.67 9.14 0.56 90.31 9.70 

To 8.39 0.13 1.98 3.51 37.35 1.24 10.71 16.43 12.80 0.57 0.93 4.76 
Panel F: Stock market in United States 

 RVol CEPU UEPU From RVol CEPU UEPU From RVol CEPU UEPU From 
RVol 97.61 0.49 1.90 2.39 93.87 1.93 4.20 6.13 99.86 0.04 0.10 0.14 
CEPU 0.49 97.99 1.51 2.00 14.19 83.84 1.97 16.16 3.41 95.96 0.64 4.05 
UEPU 4.46 0.09 95.45 4.55 31.16 0.75 68.08 31.91 8.65 0.46 90.88 9.11 

To 4.95 0.58 3.41 2.98 45.35 2.68 6.17 18.07 12.06 0.50 0.74 4.43 
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Table B.5 Estimation results of volatility models H1, H2 and H3 (Asian stock markets). 
 𝑐 𝛽2 𝛽2) 𝛽2# 𝛽A 𝛽B 𝛽3 𝛽7 𝜃9,= 𝜃9,2 𝜃>,2 𝜑C 𝜑F 𝜃C,9= 𝜃C,92 𝜃C,>2 𝜃F,,9= 𝜃F,,92 𝜃F,>2 

Panel A: The HAR term is daily RV of stock market in China 

H1 0.0019 
(0.0030) 

0.3544* 
(0.0711) ----- ----- ----- ----- 0.3171* 

(0.1038) 
0.2024 

(0.0808) 
0.0068 

(0.0030) 
-0.0025 
(0.0028) 

-0.0005 
(0.0013) 

-0.0056 
(0.0160) 

0.0012 
(0.0041) 

-0.0105 
(0.0075) 

0.0146 
(0.0098) 

0.0023 
(0.0051) 

-0.0032 
(0.0037) 

0.0004 
(0.0032) 

-0.0006 
(0.0016) 

H2 0.0020 
(0.0030) ----- -0.1180 

(0.0967) 
0.8080* 
(0.1276) ----- ----- 0.3257* 

(0.0991) 
0.2112* 
(0.0738) 

0.0058 
(0.0029) 

-0.0021 
(0.0028) 

-0.0002 
(0.0013) 

-0.0078 
(0.0153) 

0.0006 
(0.0040) 

-0.0094 
(0.0073) 

0.0169 
(0.0095) 

0.0006 
(0.0052) 

-0.0030 
(0.0036) 

0.0009 
(0.0031) 

-0.0007 
(0.0015) 

H3 0.0015 
(0.0030) ----- ----- ----- -0.4347* 

(0.0927) 
0.3291* 
(0.0607) 

0.3587* 
(0.0986) 

0.2174* 
(0.0767) 

0.0063 
(0.0031) 

-0.0020 
(0.0025) 

-0.0003 
(0.0014) 

-0.0077 
(0.0134) 

0.0007 
(0.0039) 

-0.0093 
(0.0065) 

0.0174 
(0.0093) 

0.0003 
(0.0056) 

-0.0032 
(0.0037) 

0.0010 
(0.0029) 

-0.0007 
(0.0016) 

Panel B: The HAR term is daily RV of stock market in Hong Kong 

H1 0.0087* 
(0.0025) 

0.2874 
(0.1218) ----- ----- ----- ----- 0.3038 

(0.1185) 
0.1956 

(0.0976) 
-0.0025 
(0.0013) 

-0.0038* 
(0.0012) 

0.0004 
(0.0012) 

-0.0331 
(0.0170) 

-0.0075 
(0.0029) 

0.0151 
(0.0108) 

0.0124 
(0.0070) 

0.0054 
(0.0058) 

0.0049* 
(0.0017) 

0.0031 
(0.0021) 

-0.0005 
(0.0012) 

H2 0.0084* 
(0.0027) ----- 0.0343 

(0.0994) 
0.5528 

(0.2291) ----- ----- 0.2986* 
(0.0874) 

0.1926 
(0.0831) 

-0.0021 
(0.0013) 

-0.0038* 
(0.0013) 

0.0001 
(0.0011) 

-0.0339 
(0.0168) 

-0.0073 
(0.0030) 

0.0153 
(0.0092) 

0.0121 
(0.0066) 

0.0061 
(0.0050) 

0.0043 
(0.0017) 

0.0031 
(0.0020) 

-0.0001 
(0.0011) 

H3 0.0083 
(0.0026) ----- ----- ----- -0.2416 

(0.1106) 
0.3602* 
(0.0830) 

0.3005* 
(0.0852) 

0.1724 
(0.0825) 

-0.0022 
(0.0013) 

-0.0039* 
(0.0012) 

0.0008 
(0.0008) 

-0.0342 
(0.0171) 

-0.0070 
(0.0029) 

0.0157 
(0.0097) 

0.0125 
(0.0065) 

0.0048 
(0.0052) 

0.0044* 
(0.0017) 

0.0032 
(0.0021) 

-0.0008 
(0.0009) 

Panel C: The HAR term is daily RV of stock market in India 

H1 0.0142* 
(0.0039) 

0.2611* 
(0.0551) ----- ----- ----- ----- 0.2030 

(0.0872) 
0.1509 

(0.0589) 
-0.0016 
(0.0051) 

0.0005 
(0.0029) 

-0.0009 
(0.0017) 

0.0057 
(0.0296) 

-0.0109 
(0.0048) 

0.0090 
(0.0250) 

-0.0102 
(0.0100) 

0.0172 
(0.0074) 

0.0015 
(0.0052) 

-0.0002 
(0.0030) 

0.0038 
(0.0027) 

H2 0.0143 
(0.0049) 

----- 0.1812 
(0.6486) 

0.3159 
(0.1534) ----- ----- 0.2097 

(0.0806) 
0.1520 

(0.1086) 
-0.0018 
(0.0062) 

0.0007 
(0.0041) 

-0.0009 
(0.0021) 

0.0049 
(0.0319) 

-0.0111 
(0.0054) 

0.0086 
(0.0235) 

-0.0092 
(0.0136) 

0.0170 
(0.0081) 

0.0017 
(0.0061) 

-0.0004 
(0.0046) 

0.0038 
(0.0032) 

H3 0.0083 
(0.0040) ----- ----- ----- -0.0081 

(0.0286) 
0.7717* 
(0.0289) 

-0.0147 
(0.1551) 

0.0908 
(0.0357) 

-0.0012 
(0.0056) 

0.0018 
(0.0028) 

0.0002 
(0.0016) 

0.0264 
(0.0320) 

-0.0038 
(0.0051) 

-0.0000 
(0.0250) 

-0.0171 
(0.0114) 

0.0136 
(0.0069) 

0.0000 
(0.0059) 

-0.0021 
(0.0030) 

0.0014 
(0.0023) 

Panel D: The HAR term is daily RV of stock market in Japan 

H1 0.0054* 
(0.0017) 

0.3634* 
(0.0615) ----- ----- ----- ----- 0.2741* 

(0.0810) 
0.1591* 
(0.0577) 

0.0004 
(0.0018) 

-0.0009 
(0.0015) 

0.0007 
(0.0008) 

-0.0299 
(0.0182) 

-0.0023 
(0.0027) 

0.0088 
(0.0086) 

0.0104 
(0.0059) 

0.0057 
(0.0033) 

0.0019 
(0.0023) 

-0.0006 
(0.0018) 

-0.0010 
(0.0010) 

H2 0.0054* 
(0.0017) ----- 0.1685 

(0.1044) 
0.4590* 
(0.0959) ----- ----- 0.3165* 

(0.0875) 
0.1614* 
(0.0577) 

0.0005 
(0.0017) 

-0.0009 
(0.0015) 

0.0007 
(0.0008) 

-0.0294 
(0.0178) 

-0.0023 
(0.0027) 

0.0080 
(0.0082) 

0.0106 
(0.0059) 

0.0056 
(0.0033) 

0.0018 
(0.0022) 

-0.0006 
(0.0018) 

-0.0010 
(0.0010) 

H3 0.0061* 
(0.0017) ----- ----- ----- -0.1683 

(0.0734) 
0.3303* 
(0.0630) 

0.3134* 
(0.0804) 

0.1619* 
(0.0552) 

0.0002 
(0.0017) 

-0.0009 
(0.0015) 

0.0010 
(0.0009) 

-0.0273 
(0.0173) 

-0.0029 
(0.0027) 

0.0079 
(0.0080) 

0.0098 
(0.0056) 

0.0052 
(0.0033) 

0.0022 
(0.0022) 

-0.0005 
(0.0018) 

-0.0012 
(0.0011) 

Panel E: The HAR term is daily RV of stock market in South Korea 

H1 0.0107 
(0.0042) 

0.3077* 
(0.1016) ----- ----- ----- ----- 0.4742* 

(0.1788) 
0.0677 

(0.0218) 
-0.0003 
(0.0031) 

-0.0028 
(0.0020) 

-0.0024 
(0.0006) 

-0.0325 
(0.1210) 

-0.0107 
(0.0053) 

0.0129 
(0.0071) 

0.0074 
(0.0065) 

0.0070* 
(0.0027) 

0.0022 
(0.0034) 

0.0019 
(0.0022) 

0.0031 
(0.0018) 

H2 0.0104 
(0.0042) ----- 0.1709 

(0.1410) 
0.4202 

(0.1359) ----- ----- 0.4825* 
(0.1777) 

0.0695 
(0.0218) 

-0.0003 
(0.0031) 

-0.0025 
(0.0021) 

-0.0024 
(0.0006) 

-0.0319 
(0.1187) 

-0.0105 
(0.0054) 

0.0126 
(0.0068) 

0.0069 
(0.0068) 

0.0069 
(0.0026) 

0.0021 
(0.0034) 

0.0016 
(0.0023) 

0.0030 
(0.0018) 

H3 0.0106 
(0.0043) ----- ----- ----- -0.1364 

(0.1771) 
0.2990 

(0.1177) 
0.4920 

(0.1973) 
0.0676 

(0.0244) 
-0.0001 
(0.0031) 

-0.0025 
(0.0021) 

-0.0020 
(0.0010) 

-0.0324 
(0.1227) 

-0.0106 
(0.0055) 

0.0126 
(0.0068) 

0.0075 
(0.0069) 

0.0064 
(0.0025) 

0.0020 
(0.0034) 

0.0017 
(0.0023) 

0.0025 
(0.0019) 

Note: The equations of H1, H2, H3 are shown in Eq. (11.1-11.3). 𝜃9,=, 𝜃9,2 and 𝜃>,2 are parameters for the same-day Chinese EPU (baseline), one-day-earlier Chinese EPU (baseline) and one-day-earlier US EPU (baseline), 
respectively. 𝜃C,9G, . 𝜃C,92 and 𝜃C,>2 are parameters for interaction terms between GFC dummy and EPU indices, while 𝜃F,9G, . 𝜃F,92 and 𝜃F,>2 are parameters for interaction terms between post-GFC dummy and EPU 
indices. Numbers in parentheses are standard errors (based on covariance correction when needed). Estimates are in bold if reject the null hypothesis of t-test at 5% significance level, and further added * if reject the null 
hypothesis of t-test at 1% significance level. 
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Table B.6 Estimation results of volatility models H1, H2 and H3 (non-Asian stock markets). 
 𝑐 𝛽2 𝛽2) 𝛽2# 𝛽A 𝛽B 𝛽3 𝛽7 𝜃9,= 𝜃9,2 𝜃>,2 𝜑C 𝜑F 𝜃C,9= 𝜃C,92 𝜃C,>2 𝜃F,,9= 𝜃F,,92 𝜃F,>2 

Panel A: The HAR term is daily RV of stock market in Canada 

H1 0.0051 
(0.0063) 

0.1719 
(0.0849) ----- ----- ----- ----- 0.1321 

(0.1400) 
0.1991* 
(0.0522) 

-0.0005 
(0.0008) 

-0.0002 
(0.0008) 

0.0005 
(0.0007) 

-0.1684 
(0.1333) 

-0.0068 
(0.0028) 

0.0278 
(0.0229) 

0.1043 
(0.0851) 

0.0110 
(0.0117) 

0.0025 
(0.0016) 

0.0017 
(0.0011) 

0.0021 
(0.0017) 

H2 0.0014 
(0.0023) ----- 0.0012 

(0.0158) 
0.1379* 
(0.0419) ----- ----- 0.0933 

(0.1305) 
0.1662* 
(0.0389) 

-0.0001 
(0.0007) 

-0.0001 
(0.0008) 

0.0002 
(0.0048) 

-0.1371 
(0.0947) 

-0.0043 
(0.0041) 

0.0119 
(0.0120) 

0.0977 
(0.0744) 

0.0091 
(0.0164) 

0.0016 
(0.0023) 

0.0006 
(0.0021) 

0.0025 
(0.0012) 

H3 -0.0009 
(0.0034) ----- ----- ----- -0.3010 

(0.1632) 
0.2088 

(0.0991) 
0.0582 

(0.1011) 
0.1519* 
(0.0263) 

-0.0005 
(0.0012) 

-0.0005 
(0.0009) 

0.0003 
(0.0007) 

-0.1126 
(0.0688) 

-0.0057 
(0.0072) 

0.0032 
(0.0126) 

0.0978 
(0.0693) 

0.0250 
(0.0289) 

0.0019 
(0.0026) 

0.0010 
(0.0025) 

0.0059 
(0.0045) 

Panel B: The HAR term is daily RV of stock market in France 

H1 0.0070* 
(0.0026) 

0.3393* 
(0.0160) ----- ----- ----- ----- 0.4373* 

(0.0245) 
0.0594 

(0.0221) 
-0.0027 
(0.0026) 

-0.0021 
(0.0026) 

0.0021 
(0.0015) 

-0.0074 
(0.0061) 

-0.0050 
(0.0035) 

-0.0056 
(0.0044) 

0.0070 
(0.0044) 

0.0110* 
(0.0026) 

0.0048 
(0.0029) 

0.0011 
(0.0028) 

-0.0015 
(0.0017) 

H2 0.0066 
(0.0026) ----- -0.1475 

(0.1385) 
0.7592* 
(0.0342) ----- ----- 0.4655* 

(0.0242) 
0.0500 

(0.0217) 
-0.0027 
(0.0025) 

-0.0020 
(0.0025) 

0.0026 
(0.0015) 

-0.0050 
(0.0060) 

-0.0049 
(0.0034) 

-0.0040 
(0.0043) 

0.0039 
(0.0043) 

0.0104* 
(0.0026) 

0.0051 
(0.0028) 

0.0010 
(0.0028) 

-0.0018 
(0.0017) 

H3 0.0070* 
(0.0025) ----- ----- ----- -0.4324* 

(0.0321) 
0.4042* 
(0.0168) 

0.4213* 
(0.0230) 

0.0403 
(0.0213) 

-0.0025 
(0.0025) 

-0.0018 
(0.0025) 

0.0010 
(0.0015) 

-0.0068 
(0.0059) 

-0.0052 
(0.0034) 

-0.0037 
(0.0042) 

0.0049 
(0.0042) 

0.0107* 
(0.0025) 

0.0042 
(0.0028) 

0.0009 
(0.0028) 

0.0003 
(0.0016) 

Panel C: The HAR term is daily RV of stock market in Germany 

H1 0.0066 
(0.0032) 

0.4130* 
(0.0701) ----- ----- ----- ----- 0.2527 

(0.1010) 
0.1848* 
(0.0593) 

-0.0062 
(0.0027) 

0.0013 
(0.0026) 

0.0052 
(0.0035) 

-0.0298 
(0.0261) 

-0.0049 
(0.0049) 

-0.0003 
(0.0078) 

0.0183 
(0.0127) 

0.0066 
(0.0030) 

0.0074 
(0.0032) 

-0.0012 
(0.0029) 

-0.0049 
(0.0036) 

H2 0.0063 

(0.0032) 
----- 0.1612 

(0.1176) 
0.5864* 
(0.0960) ----- ----- 0.2921* 

(0.1063) 
0.1832* 
(0.0576) 

-0.0061 
(0.0027) 

0.0014 
(0.0027) 

0.0048 
(0.0034) 

-0.0303 
(0.0255) 

-0.0047 
(0.0047) 

-0.0001 
(0.0074) 

0.0181 
(0.0127) 

0.0073 
(0.0030) 

0.0074 
(0.0031) 

-0.0015 
(0.0030) 

-0.0045 
(0.0036) 

H3 0.0076 
(0.0030) ----- ----- ----- -0.1943* 

(0.0618) 
0.5042* 
(0.1069) 

0.2301 
(0.1077) 

0.1899* 
(0.0521) 

-0.0061 
(0.0026) 

0.0014 
(0.0027) 

0.0039 
(0.0032) 

-0.0326 
(0.0242) 

-0.0046 
(0.0043) 

-0.0002 
(0.0068) 

0.0195 
(0.0122) 

0.0071 
(0.0030) 

0.0070 
(0.0031) 

-0.0020 
(0.0028) 

-0.0044 
(0.0033) 

Panel D: The HAR term is daily RV of stock market in Switzerland 

H1 0.0032 
(0.0023) 

0.2461* 
(0.0164) ----- ----- ----- ----- 0.5967* 

(0.0252) 
-0.0209 
(0.0227) 

-0.0023 
(0.0023) 

0.0006 
(0.0023) 

0.0020 
(0.0013) 

-0.0052 
(0.0052) 

-0.0000 
(0.0031) 

0.0019 
(0.0038) 

0.0004 
(0.0038) 

0.0057 
(0.0023) 

0.0027 
(0.0025) 

-0.0010 
(0.0025) 

-0.0021 
(0.0015) 

H2 0.0032 
(0.0023) ----- 0.2406* 

(0.0360) 
0.2483* 
(0.0209) ----- ----- 0.5980* 

(0.0262) 
-0.0208 
(0.0227) 

-0.0023 
(0.0023) 

0.0005 
(0.0023) 

0.0020 
(0.0013) 

-0.0052 
(0.0052) 

-0.0000 
(0.0031) 

0.0019 
(0.0038) 

0.0004 
(0.0038) 

0.0057 
(0.0023) 

0.0027 
(0.0025) 

-0.0010 
(0.0025) 

-0.0021 
(0.0015) 

H3 0.0029 
(0.0023) ----- ----- ----- -0.0936 

(0.0199) 
0.2706 

(0.0213) 
0.6481 

(0.0237) 
-0.0327 
(0.0227) 

-0.0020 
(0.0023) 

0.0006 
(0.0023) 

0.0009 
(0.0013) 

-0.0024 
(0.0052) 

-0.0002 
(0.0031) 

0.0006 
(0.0038) 

-0,0010 
(0.0028) 

0.0059 
(0.0023) 

0.0021 
(0.0025) 

-0.0013 
(0.0025) 

-0.0004 
(0.0015) 

Panel E: The HAR term is daily RV of stock market in United Kingdom 

H1 0.0068 
(0.0038) 

0.1044* 
(0.0164) ----- ----- ----- ----- 0.5457* 

(0.0289) 
0.0778* 
(0.0292) 

-0.0045 
(0.0037) 

0.0006 
(0.0037) 

0.0031 
(0.0021) 

-0.0455 
(0.0575) 

-0.0048 
(0.0040) 

0.0146 
(0.0215) 

0.0137 
(0.0202) 

0.0160 
(0.0064) 

0.0071 
(0.0069) 

-0.0014 
(0.0022) 

-0.0014 
(0.0028) 

H2 0.0070 
(0.0038) ----- -0.0055 

(0.0396) 
0.1334* 
(0.0190) ----- ----- 0.5717* 

(0.0301) 
0.0830* 
(0.0292) 

-0.0045 
(0.0037) 

0.0004 
(0.0037) 

0.0033 
(0.0021) 

-0.0455 
(0.0575) 

-0.0052 
(0.0040) 

0.0151 
(0.0217) 

0.0132 
(0.0201) 

0.0162 
(0.0064) 

0.0072 
(0.0068) 

-0.0011 
(0.0022) 

-0.0016 
(0.0028) 

H3 0.0070 
(0.0038) ----- ----- ----- -0.0524* 

(0.0199) 
0.1707 

(0.0257) 
0.5157* 
(0.0289) 

0.0785* 
(0.0291) 

-0.0044 
(0.0037) 

0.0007 
(0.0037) 

0.0028 
(0.0021) 

-0.0447 
(0.0520) 

-0.0046 
(0.0043) 

0.0136 
(0.0182) 

0.0148 
(0.0178) 

0.0151 
(0.0075) 

0.0068 
(0.0069) 

-0.0014 
(0.0021) 

-0.0010 
(0.0023) 

Panel F: The HAR term is daily RV of stock market in United States 

H1 0.0025 
(0.0020) 

0.2681 
(0.1117) ----- ----- ----- ----- 0.5013* 

(0.1305) 
0.0626 

(0.0846) 
-0.0019 
(0.0010) 

0.0001 
(0.0012) 

0.0030 
(0.0017) 

-0.0220 
(0.0347) 

-0.0006 
(0.0038) 

0.0044 
(0.0132) 

0.0117 
(0.0109) 

0.0062 
(0.0064) 

0.0026 
(0.0025) 

0.0003 
(0.0015) 

-0.0031 
(0.0021) 

H2 0.0025 
(0.0019) ----- -0.0242 

(0.2435) 
0.4948* 
(0.0954) ----- ----- 0.5427* 

(0.1431) 
0.0514 

(0.0862) 
-0.0017 
(0.0009) 

0.0001 
(0.0012) 

0.0030 
(0.0015) 

-0.0240 
(0.0360) 

-0.0004 
(0.0037) 

0.0044 
(0.0134) 

0.0063 
(0.0058) 

0.0063 
(0.0058) 

0.0023 
(0.0025) 

0.0002 
(0.0015) 

-0.0031 
(0.0020) 

H3 0.0022 
(0.0018) ----- ----- ----- -0.2661 

(0.1328) 
0.4103* 
(0.1228) 

0.4211* 
(0.1201) 

0.0577 
(0.0759) 

-0.0016 
(0.0009) 

0.0006 
(0.0012) 

0.0029 
(0.0013) 

-0.0241 
(0.0321) 

-0.0010 
(0.0032) 

0.0032 
(0.0107) 

0.0141 
(0.0118) 

0.0070 
(0.0054) 

0.0028 
(0.0024) 

0.0004 
(0.0014) 

-0.0033 
(0.0018) 

Note: The equations of H1, H2, H3 are shown in Eq. (11.1-11.3). 𝜃9,=, 𝜃9,2 and 𝜃>,2 are parameters for the same-day Chinese EPU (baseline), one-day-earlier Chinese EPU (baseline) and one-day-earlier US EPU (baseline), 
respectively. 𝜃C,9G, . 𝜃C,92 and 𝜃C,>2 are parameters for interaction terms between GFC dummy and EPU indices, while 𝜃F,9G, . 𝜃F,92 and 𝜃F,>2 are parameters for interaction terms between post-GFC dummy and EPU 
indices. Numbers in parentheses are standard errors (based on covariance correction when needed). Estimates are in bold if reject the null hypothesis of t-test at 5% significance level, and further added * if reject the null 
hypothesis of t-test at 1% significance level. 
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Chapter 5 Conclusion 
 

This thesis comprises three topics related to international stock markets, with a 

primary focus on China’s interactions with other major economies. Debates on 

China’s financial influence on global stock markets are becoming more popular 

as China integrates globally and emerges as an economic powerhouse.  

 

This study provides some new insights on the role China plays in regional and 

global financial integration. This chapter summarizes the main findings of the 

study and outlines suggestions for future research.  

 

As mentioned in Chapter 1, Introduction, this study aims to explore in what ways, 

and to what extent, China has been integrated with international stock markets. 

The main findings of the empirical analyses can be summarized in the following 

three associated aspects: (1) Recent turbulent events cause significant 

disturbances in China’s stock markets and these fluctuations are shared by 

Chinese and other major stock markets. (2) Volatility linkages between Chinese 

and other stock markets are enhanced by trade connections and similar stock 

market features between China and other economies. (3) Chinese policy 

uncertainty can affect the stock market volatility of other economies. These 

empirical results demonstrate that China has been deeply integrated with global 

financial markets, and the extent of this integration is affected by both external 

(such as global turbulence) and internal factors (such as economic features). The 

substance of specific findings in those three aspects is elaborated as follows: 

 

The impact of the US-China trade war on stock market co-movement between 

China and the US is investigated empirically in Chapter 2. Time-varying volatility 

linkages between Chinese and US stock markets are estimated by employing the 

Dynamic Conditional Correlation (DCC) model. The headlines reporting the 

progress in US-China trade disputes are collected from mainstream media and 

then utilized in the “event study” analysis. The results of event windows confirm 

the positive effect of news release on the volatility of Chinese stock markets, as 

well as on co-movement between Chinese and US stock markets. Moreover, the 
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official start of the US-China trade war is regarded as the date on which China-

specific tariffs were officially implemented, i.e. 6 July, 2018. After this date, the 

US-China stock market co-movements are significantly enhanced as a whole, 

which is captured by the structural break test. The empirical results also 

demonstrate that two sectors, Industrials and Information Technology, are 

particularly affected by the news announcements. 

 

Chapter 3 explores which factors may drive stock market co-movement between 

China and its Asia-Pacific trading partners (including the US), during the period 

from January 2010 to December 2020. The DCC-Mixed Data Sampling (MIDAS) 

method is employed to extract short- and long-term components of DCC. Three 

turbulent events, specifically, the Shanghai stock market crash, the US-China 

trade war, and the COVID-19 outbreak, are considered in this analysis. The 

results of identifying contagion episodes show that these events increase 

contagion incidence among those major trading partners. Three categories of 

explanatory variables, China-related (common), economic integration, and 

market similarity factors, are selected as potential factors influencing the stock 

market co-movement. Regression results demonstrate that bilateral trade and 

market similarity are primary factors driving stock market co-movement. 

Furthermore, interaction terms between the contagion indicator and the country-

pair factor mostly yield insignificant parameter estimates, supporting the “pure 

contagion” hypothesis. 

 

Unlike the previous two chapters focusing on the connections and interactions 

between Chinese and other stock markets, Chapter 4 compares the impact of 

Chinese and US EPU on the realized volatility of eleven major stock markets. 

Both daily and monthly data are utilized for this empirical analysis. During normal 

times, those stock markets are mostly unaffected by daily EPU. The Global 

Financial Crisis highlights the daily and monthly effects of US EPU on most 

markets. The dynamic pattern of spillovers from EPUs to stock volatility suggests 

that US EPU has a dominant impact on stock market volatility in most economies 

at daily frequency, and the magnitude of spillovers is driven by turbulent events 

such as the outbreak of the COVID-19 pandemic. However, the increasing 

influence of Chinese EPU is observed at monthly frequency in some stock 



 130 

markets located in Asia and elsewhere. This finding indicates that China’s 

influence on major global stock markets is growing, and that investors and 

policymakers should be encouraged to assess policy risk in China.  

 

The empirical findings of this study demonstrate that the objectives specified in 

the Chapter 1, Introduction have been accomplished, which is considered as new 

contributions to existing literature in China’s role in financial integration. However, 

there are still some areas to be explored in future research. Firstly, the news 

reporting of the US-China Trade War could be further classified into “good” and 

“bad” news to examine asymmetric impacts. In addition, scholars could also 

extend the scope of the study by taking more markets and different conflicts into 

consideration, as the COVID-19 pandemic has increased protectionism 

worldwide. Different types of conflicts may have different impacts on global stock 

markets due to geopolitically induced changes in macro-economic factors. 

Secondly, China is currently deepening its financial reforms. Capital linkages 

between Chinese and foreign financial institutes may become closer in the future. 

As shown in Chapter 3, trade ties contribute to China’s engagement in Asia-

Pacific stock market integration. Whether institutional ties will further reinforce the 

role of China in the Asia-Pacific financial integration could be studied as another 

research question. Finally, this study indicates that policy uncertainty in China 

has a significant impact on several stock markets after the Global Financial Crisis. 

However, it remains unclear what factors cause some stock markets to be more 

affected by Chinese policy uncertainty compared to others. Therefore, further 

research in this direction, by identifying the factors and determinants in the 

transmission of policy uncertainty shocks, would be fruitful.  
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