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Abstract 

This study employs the multivariate trend asymmetric GARCH-MIDAS (TAGM) model, an 

extension of the GARCH-MIDAS model, to explore the potential asymmetric impact of 

uncertainty shocks, including oil and infectious disease shocks, on the long-term volatility of 

China's listed tourism firms. Furthermore, we test the out-of-sample forecasting accuracy of 

uncertainty shocks to China’s listed tourism firms’ risk, which is measured by the volatility of 

tourism stocks after the outbreak of coronavirus disease 2019 (COVID-19). The results show that 

uncertainty shocks have a significant asymmetric effect on the long-run volatility of tourism 

stocks. The included uncertainty shocks improved accuracy in forecasting China’s listed tourism 

firms’ risk after the pandemic outbreak. The empirical results have important implications for 

tourism investment strategies in unstable environments. 

Keywords: Uncertainty Shock, COVID-19, Trend Asymmetric GARCH-MIDAS Model, 

Volatility Forecasting 

This is the accepted version of the publication Yang, P., Song, H., Wen, L., & Liu, H. (2023). Modeling and forecasting listed tourism firms’ risk in  
China using a trend asymmetric GARCH-MIDAS model. Tourism Economics, 0(0). Copyright © 2023 The Author(s). DOI: 10.1177/13548166231207671.

This is the Pre-Published Version.



2 

Introduction 

Tourism is a rapidly expanding industry and plays an essential role in the global economy. 

However, the unexpected COVID-19 outbreak interrupted tourism development worldwide when 

governments were forced to implement several restrictive measures, such as travel controls, border 

closures, and social distancing rules, to contain the spread of COVID-19. The tourism industry 

was the most affected by these control measures (Wang et al., 2021). Tourism is an industry that is 

highly integrated with other industries and one that is sensitive to uncertainty shocks such as the 

COVID-19 pandemic. In particular, the volatility of its tourism stocks is often closely related to 

these shocks. The existing research on the performance of tourism stocks is mainly focused on the 

relationships between tourism stock returns and their influencing factors, such as the 

macroeconomic variables (Ersan et al., 2019) and non-macroeconomic variables (Zopiatis et al., 

2019). However, studies on the nexus of the tourism stock volatility and uncertainties caused by 

oil shocks and pandemics are limited. No relevant research has looked at the impact of the recent 

COVID-19 pandemic on the volatility of tourism stock. The outbreak of the COVID-19 pandemic 

created an unprecedented crisis in the tourism sector as it caused an almost total collapse due to 

the resulting business lockdowns and movement restrictions (Karabulut et al., 2020). With the 

lifting of most travel restrictions, the future outlook is positive, and the tourism sector is again 

showing its resilience and capacity to bounce back from economic shocks. Understanding the 

impact of infectious disease pandemics on stock market volatility is of great interest to investors 

and policymakers, especially following the experiences of the pandemic. 

To quantitatively measure the magnitude of an infectious disease pandemic, Baker et al. 

(2020) developed a new index: the infectious disease equity market volatility tracker (EMV-ID). 

The index enables us to get an overall picture of the global infectious disease pandemic over a 

long period rather than focusing solely on the shock of an isolated public health event, such as 

severe acute respiratory syndrome (SARS) (Kuo et al., 2008), Avian Flu (Kuo et al., 2009), and 

Ebola (Cahyanto et al., 2016). Such factors as oil shocks and infectious diseases will inevitably 

affect tourists’ destination choices regarding travel distance, costs, health and safety concerns, etc. 

Therefore, the above uncertainty shocks will hit the volatility of China’s listed tourism firms’ 
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stock and greatly influence investment strategies. 

With regard to uncertainty shocks, models that predict the volatility of tourism stocks rarely 

consider the time-varying features of the impacts of oil shocks, which have indirect effects on 

tourism activities through disposable income, production, transportation costs, and economic 

uncertainties. As we all know, the tourism industry is an oil-intensive industry since its inherent 

transportation costs depend on oil prices. The fluctuations in oil prices may partly affect tourists’ 

destination choices or purchase behaviour of travel services (Shahzad and Caporin, 2020). Salisu 

and Gupta (2021) showed that the impact of oil shocks on stock prices and volatility in emerging 

countries is substantial. As the largest oil-importing and the second-largest oil-consumption 

country, China is far more dependent on oil than any other country (He et al., 2021). However, 

few studies focused on the relationship between the oil shocks and the volatility of stock returns of 

China’s tourism industry. It is necessary to explore the impact of oil shocks on the volatility of 

China’s tourism-listed firms, especially during the COVID-19 outbreak. 

Since uncertainty shocks are normally sampled as low-frequency data, it is hard to model 

their effects on the volatility of China’s listed tourism firms using high-frequency (daily) 

generalized autoregressive conditional heteroskedasticity (GARCH) models. The GARCH model 

with mixed-frequency data (GARCH-MIDAS) proposed by Engle et al. (2013) solves this 

problem by combining daily and monthly data to model stock volatility. This model is the most 

commonly used method for investigating the relationships between stock volatility and its 

economic determinants. Nevertheless, the asymmetry effect of the GARCH-MIDAS class models 

has not received sufficient attention in the tourism research field. Amendola et al. (2019) recently 

provided theoretical and empirical accounts for evaluating volatility associated with positive and 

negative macroeconomic shocks. Based on the existing research, our paper expands the single 

TAGM model into a multivariate TAGM model, which allows us to consider the asymmetric 

effects of multiple uncertainty shocks on the volatility of China's listed tourism firms at the same 

time. This study proposes two possible channels of long-run volatility asymmetry for China’s 

listed tourism firms. The first asymmetry channel is related to the sign of specific parameters of 

the uncertainty shocks. The second asymmetric effect comes from the long-run volatility under 

uncertainty shocks.  
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This study differs from the existing literature in the following aspects. First, to the best of our 

knowledge, we are the first to explore the role of uncertainty shocks in China’s tourism stock 

volatility. Second, we use the TAGM model to investigate the impact of the monthly uncertainty 

shocks on daily tourism stock volatility and explore their long-term asymmetric effects. Lastly, we 

forecast tourism stock volatility (tourism firms’ risk) with the TAGM model using different types 

of uncertainty shocks as explanatory variables, which are important for policy and investment 

decisions. The empirical results confirm that all uncertainty shocks have a significant asymmetric 

impact on the volatility of China’s listed tourism firms. Oil shocks stimulated the long-run 

volatility of China’s listed tourism firms pre-COVID-19. In comparison, post-COVID-19, EMV-

ID will boost the volatility of China’s listed tourism firms. Meanwhile, infectious disease 

pandemics (especially COVID-19) have affected these firms’ volatility. In addition, uncertainty 

shocks show better predictive performance in the post-COVID-19; the accuracy of the daily stock 

volatility of China’s listed tourism firms can be improved using uncertainty shocks. We can also 

draw an important conclusion that no single uncertainty shock can explain the long-term volatility 

of China’s listed tourism firms well, and we must consider the collective impact of multiple 

uncertainty shocks. 

The remainder of the paper is organized as follows: the next section presents related 

literature; the third section introduces the data and outlines the trend asymmetric GARCH-MIDAS 

methodologies. The fourth section discusses the empirical results, and the last section concludes 

the paper. 

Literature Review 

This section will review the literature related to the effect of uncertainty shocks on tourism 

stocks. As one of the most critical resources, oil plays a vital role in the global economy. Previous 

studies have explored the impact of oil price shocks on the stock market in developed countries 

(Park and Ratti, 2008) and emerging countries (Enwereuzoh et al., 2021; Khurshid and Kirkulak-

Uludag, 2021). The tourism industry is also considered an oil-intensive sector that is vulnerable to 

oil shocks. The findings suggest that oil price volatility may be critical to almost all segments of 

the tourism supply chain (Mohanty et al., 2012).  
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In the literature on oil shocks and tourism, the research mainly focuses on the oil price. 

Regarding oil price shocks, the literature focuses on tourism demand and revenues. It has become 

commonplace to say that energy prices significantly affect tourism, as energy products directly 

drive supply and demand. Becken (2008) argues that transportation plays a crucial role in 

improving tourism, mainly dependent on energy sources such as oil. Higher oil prices make travel 

costs rise significantly, leading to inflation, lower consumer incomes, and increased travel costs. It 

usually leads to higher travel expenses, reducing people’s willingness to travel and ultimately 

reducing travel company revenues, negatively impacting global tourism. Some studies explore the 

impact of oil price shocks on tourism arrivals in different regions separately (Jeřábek, 2019; Schiff 

and Becken, 2011) and provide evidence of the significant negative effect of oil price shocks. An 

important finding that emerges from Hesami et al. (2020) study is the presence of a unidirectional 

Granger causality that runs from oil prices to tourism receipts. Kisswani et al. (2020) and 

Kisswani et al. (2019) used autoregressive distributed lag (ARDL) models and its extended model 

to examine the effect of oil prices on tourism receipts and the sensitive susceptibility of tourism to 

oil price changes. They study the oil price-tourism receipts nexus for selected Middle East and 

North Africa (MENA) countries and 19 randomly selected international destinations from Europe. 

The above literature suggests that decreasing oil prices will significantly increase tourism 

revenues in tourist destinations. Several authors also confirm that higher oil prices negatively 

impact tourism (Becken and Lennox, 2012; Lennox, 2012). 

The previous literature investigating the risk of tourism firms rarely considered the impact of 

oil shocks, and its conclusions are inconsistent. Kilian and Park (2009) suggest that oil price 

shocks may affect the real economy differently. Shahzad and Caporin (2020), and Mohanty et al. 

(2014) explored the impact of oil prices and implied volatility for the oil market on the tourism-

related stocks part of the Russell 3000 index and the U.S. travel and leisure industry, respectively. 

They concluded that oil prices and their volatility significantly impacted the stock market of the 

U.S. travel and leisure sector, which is generally negative. Qin et al. (2021) investigate the time-

varying effects of oil price shocks on travel and leisure stocks in China. The results suggest that 

the impacts of oil price shocks on travel and leisure stock returns are mainly positive, which 

supports the market inertia theory. Meo et al. (2018), and Chen (2013) further investigate the 

asymmetric effect of oil prices on stock returns at the country and industry level.  
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Based on the literature review above, earlier studies focusing on the linear relationship 

between crude oil and travel stocks only take into account the information on oil prices rather than 

their asymmetric effect. Major industries in China are vulnerable to oil price shocks. Hence, it is 

necessary to study the impact of oil shocks on China’s listed tourism firms, which could be 

paramount to investors when hedging the risk of such uncertain stocks. 

The literature on infectious disease pandemics is from the SARS outbreak in 2003. Chen et 

al. (2007) examined the effect of the SARS epidemic on Taiwanese hotel stock prices and found a 

significant negative impact of the SARS outbreak on hotel stock performance. Kuo et al. (2008) 

investigated the effects of infectious diseases, including the Avian Flu and SARS, on international 

tourist arrivals in Asian countries. The empirical results indicate that the number of affected cases 

significantly impacts SARS-affected countries but not Avian Flu-affected countries. However, the 

potential damage arising from the Avian Flu and subsequent pandemic influenza is much greater 

than that resulting from the SARS outbreak (Kuo et al., 2009; Page et al., 2012). Amankwah-

Amoah (2016), and Cahyanto et al. (2016) confirmed the significant impact of Ebola on global 

aviation and domestic travel in the U.S., which is useful for the tourism industry in planning for 

and responding to other health pandemics in the future. 

Notably, the COVID-19 outbreak caused significant damage to global macroeconomic and 

financial markets (Kolahchi et al., 2021). The most effective method that countries use to reduce 

the impact of pandemics is to impose quarantines in the affected regions during the pandemic; this 

puts the tourism industry in a difficult position. Intuitively, the travel equity market reacted to this 

pandemic more quickly and immediately than other sectors of the economic and financial system. 

That also raises our concern about the relationship between the global infectious diseases 

pandemic and tourism. COVID-19 has had a severe impact on various industries: The airline 

(Papatheodorou, 2021), hotels (Kaushal and Srivastava, 2021), restaurants (Kim et al., 2021; Song 

et al., 2021), and film and drama (Hu et al., 2022) industries, were forced to come to a halt, 

causing tourism arrivals and tourism revenues to plummet, which in turn caused volatility in the 

tourism stock market, affecting the performance of tourism companies (Wang et al., 2021). 

Finally, Uzuner and Ghosh (2021) investigate the asymmetric effects of COVID-19 on tourism, 

which is similar to our study’s purpose. Nevertheless, there is still only limited research exploring 

the volatility of tourism stocks under uncertainty shocks. 
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Existing researches mainly use time series forecasting methods, such as GARCH-type 

models, to predict the volatility of the tourism stock market (Ayele et al., 2017). However, these 

methods do not guarantee the accuracy of long-term and short-term forecasts. The existing 

literature proves that oil prices can effectively improve the accuracy of stock market fluctuations 

(Wei et al., 2017), while the literature considers the epidemic pandemic as an influencing factor is 

very limited. In addition to exploring the impact of the above uncertainty shocks on tourism stock 

market volatility, we also compared the volatility forecasting performance of the TAGM model 

with that of the basic GARCH-MIDAS model and the GARCH-type model. 

To summarize, researches directly testing the volatility of tourism stocks are limited and 

generally focuses on developed markets. The literature about the impact of oil shocks and 

pandemic diseases on the volatility of tourism firms remains limited, especially with regard to 

forecasting the volatility of tourism firms’ stocks.  

Methodology 

Amendola et al. (2019) construct the double asymmetric GARCH-MIDAS, on which we use 

the extended multivariate TAGM model to investigate the effects of uncertainty shocks on the 

long-run volatility of China’s listed tourism firms. The TAGM model is specified as follows: 

 , , , , 1, ,i t t i t i t tr g i Nµ τ ε= + × ∀ = … ,  (1) 

where ,i tr  is the return of China’s listed tourism firms on day i of month t, and µ  is the 

(unconditional) mean of the ,i tr . The conditional variance is decomposed into short-term and 

long-term components ,i tg  , and tτ . , 1, ~ (0,1)i t i t Nε −Φ∣ , where 1,i t−Φ  is the information set up to 

day (i − 1) of period t. Following Engle and Rangel (2008), we assume the volatility dynamics of 

the component ,i tg  is a (daily) GARCH (1, 1) process with α > 0, β > 0, and α + β < 1: 
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where Xθ
+  and Xθ

−  represent the asymmetric responses to the one-sided filter, ( )k wϕ + and 

( )k wϕ −  are suitable functions weighing the past K realizations of the uncertainty shocks. In 

addition, this paper expands the single TAGM model into a multivariate TAGM model. 

Throughout this work, the Beta function will be used as a weighting function of the TAGM 

models, that is: 
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In our paper, we use the weight function adopted by Engle et al. (2013). We make the 

restriction that 2w+ = 2w− = 1, implying that the weights are monotonically declining with increasing 

lagging order. That also conforms to the law of the economy itself. Where K is the number of X’s 

lagged periods, which is selected by AIC and BIC, then equations (1) to (5) form the TAGM 

model. Finally, the total conditional variance can be defined as follows: 

 2
, ,i t t i tgσ τ ×= . (6) 

We use loss functions (root mean square error (RMSE), mean absolute error (MAE), and 

quasi-likelihood loss (QLIKE)) to evaluate the forecast accuracy of the listed tourism firms’ risk 

with different uncertainty shock specifications. The loss functions (Patton, 2011) can be written as 

follows: 
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where 2
tσ  represents the actual volatility in Equation (6). The daily frequency realized 
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variance is a perfect proxy for the actual conditional variance (Liu et al., 2021). 2ˆtσ  is the 

predicted volatility used to measure the listed tourism firms’ risk, and T is the out-of-sample 

forecasting length. 

Data 

To model and forecast the daily listed tourism firms’ risk with the monthly uncertainty 

shocks, we use the China Securities Index Tourism Thematic Index (CTTI) data as a proxy for 

China’s tourism stock market and its volatility to measure China’s listed tourism firms’ risk (Liu et 

al., 2023). We utilize a daily data set from January 5, 2009, to July 31, 2022, to investigate the 

impact of the uncertainty shocks on CTTI’s volatility. The data are available from the Wind 

database. The daily return is calculated according to the following: 

 1(ln ln ) 100t t tr p p −= − × , t=1, 2, 3 …, T (10) 

where  represents the closing price at time t, and T refers to the sample size . 

We use the European Brent crude spot price as the Oil price shock (labelled as OPS). It is 

published by the U.S. Energy Information Administration (EIA), which is widely traded in futures 

and OTC (over-the-counter) swaps, with over two thirds of the world's crude oil already anchored 

to its pricing system. The monthly data of the infectious disease equity market volatility tracker 

(EMV-ID) index were constructed by Baker et al. (2020). We convert it to monthly frequency 

because there are many EMV-ID records with zero values in daily frequency. Thus, it is hard to 

track its change rate in daily frequency. In addition, we are more interested in the long-term 

impacts of infectious disease pandemics on stock market volatility. Therefore, we sum the daily 

EMV-ID records monthly to get this paper’s monthly EMV-ID index. The EMV-ID index is 

collected by Baker et al. (2020). 

We calculated the change in oil price and EMV-ID index as the first logarithmic difference. 

Thus, uncertainty shocks include oil price shock and EMV-ID shock. They will be considered as 

X in Equation (3).  

tp ty
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From Table 1, the large standard deviation of CTTI's fluctuations indicates that the series is 

more volatile while oil prices are relatively stable. Table 1 also reports the descriptive statistics of 

the time series used in our paper, in which the statistic of skewness and kurtosis indicates that they 

are not normally distributed. Moreover, the ADF test rejects the hypothesis that the series has a 

unit root, illustrating that they are all stationary.  

We have included the preliminary analysis results for CTTI, OPS, and EMV-ID in Table 1. 

Formal tests encompass the examination of Autoregressive Conditional Heteroskedasticity (ARCH) 

effects, a formal assessment of volatility, along with Ljung-Box Q and Ljung-Box Q2 tests for the 

presence of autocorrelation and higher-order autocorrelation.  

ARCH statistics with lag orders of 5 and 10 indicate significant ARCH effects across all 

sample sequences. The presence of significant ARCH effects implies the suitability of GARCH-

type models for capturing the dynamics of uncertainty shocks volatility. The Ljung-Box Q statistic 

for CTTI reveals that each sequence rejects the null hypothesis of no autocorrelation at the 1% 

significance level, indicating significant autocorrelation and pronounced long memory 

characteristics within each sequence. The CTTI demonstrates evidence of ARCH effect and 

autocorrelation at specified lags. This outcome is anticipated given the interdependence of current 

and past prices, coupled with the high-frequency characteristics of the data. Hence, with the 

substantiated and significant ARCH effects and the application of mixed-frequency data, the 

GARCH-MIDAS modeling framework emerges as the most fitting choice. 

 

[INSERT TABLE 1 HERE] 

 

[INSERT FIGURE 1 HERE] 

 

Figure 1 shows the time series of CTTI’s return and uncertainty shocks. It is clearly apparent 

that all uncertainty shocks changed significantly after the outbreak of the COVID-19 pandemic. 

CTTI’s return has shown significant volatility when major crisis events have broken out. The OPS 

and EMV-ID are stable for the rest of the sample period.  
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Empirical Analysis 

The asymmetric effect of uncertainty shocks on tourism Firms’ volatility 

How much of the CTTI’s volatility can be explained by the uncertainty shocks? We compute 

the variance ratio (VR) to investigate the relative importance of the long-term fluctuation 

component, which is defined as: 

 
,

(ln )
(ln )

t

i t t

Var
VR

Var g
τ
τ

=  (11) 

The results of VR in the TAGM models are also presented in Table 2. 

As stated above, we consider three different uncertainty shocks that yield three different 

models of uncertainty shocks combined into Equation (3) to find the role of uncertainty shocks in 

driving the volatility of CTTI. The three models we estimated are classified into the following two 

categories: (1) The TAGM models with a single uncertainty shock, namely OPS and EMV-ID; (2) 

The TAGM models with combinations of different uncertainty shocks, in which we use the 

following abbreviations to represent the component of X: OPS + EMV-ID. 

 

[INSERT TABLE 2 HERE] 

 

The study period for this paper spans from January 5th, 2009, to July 31st, 2022. To 

comprehensively investigate the impacts of OPS and EMV-ID on CTTI's long-term volatility, 

particularly during the pandemic, we partitioned the study period into three segments: full-sample, 

pre-COVID-19 outbreak, and post-COVID-19 outbreak. The results presented in this paper confirm 

the different effects of different types of uncertainty shocks on the volatility of the Chinese tourism 

stock market in different periods. The estimated parameters of the TAGM model with the different 

periods are presented in Table 2. The sums of α and β are noticeably close to one, indicating a high 

degree of persistence in the CTTI’s volatility. The parameter θ measures the effect of monthly 

uncertainty shocks on the long-run volatility of CTTI.  
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Table 2 presents evidence demonstrating that the signs of +θ  and θ −  under the shock of 

OPS and EMV-ID are different before and after the outbreak of the COVID-19 pandemic. In the 

full sample and after the outbreak of the pandemic, the signs of +θ  and θ −  under the OPS are 

both positive. Before the outbreak of the pandemic, the signs of +θ  and θ −  under the OPS are 

positive and negative, respectively. Unlike OPS, in the full sample and before the outbreak of the 

pandemic, the signs of +θ  and θ −  under the EMV-ID are both positive. After the outbreak of the 

pandemic, the signs of +θ  and θ −  under the EMV-ID are positive and negative, respectively. The 

signs of +θ  and θ −  under the uncertainty shocks are both positive, meaning that increased 

uncertainty shocks will lead to higher long-run volatility of CTTI. Meanwhile, decreased 

uncertainty shocks will stabilize the long-run volatility of CTTI, which reflects a significant 

asymmetric effect. On the other hand, the signs of +θ  and θ −  under the uncertainty shocks are 

positive and negative, respectively, meaning that the long-run volatility of CTTI will increase 

regardless of whether uncertainty shocks increase or decrease. In this case, we will distinguish the 

asymmetry of uncertainty shocks on the long-run volatility of the CTTI by the marginal impact. 

Comparing the estimation results for subsamples before and after the outbreak of COVID-19, 

the signs of OPSθ −  are different, and the magnitudes of OPSθ +  and OPSθ −  vary considerably as well. 

Furthermore, they are different from the results of the full sample. Before the outbreak of the 

COVID-19 pandemic, fluctuations in OPS increased the volatility of CTTI, whether they 

increased or decreased. When OPS increases, it indicates an increase in the price of oil. First, as a 

major oil-importing country, the increase in oil prices will bring "imported inflation" pressure to 

China. Because it is an essential factor for production, the rise in oil prices will also cause the 

economy to experience cost-push inflation. Thus, oil price shocks can generate inflation that is not 

expected by the public. Therefore, they can cause an increase in the rate of unanticipated inflation 

and increase the volatility of CTTI. Second, international crude oil prices affect domestic refined 

oil prices for China's tourism firms. As an oil-dependent industry, a rise in oil prices will increase 

tourism enterprises' operating costs, and the rise in travel costs will reduce people's willingness to 

travel. Ultimately, this will affect the efficiency of tourism enterprises, thereby exacerbating the 
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volatility of CTTI. Finally, for investors, higher crude oil prices increase future uncertainty. 

Investors, therefore, adjust their portfolios in favour of other safe-haven assets, leading to 

increased volatility of CTTI. Generally, when there is tremendous volatility in the Chinese travel 

stock market, investors decide to transfer their capital to risk-averse assets to hedge against risk, 

relying on the "safe investment transfer" effect. As a result, they become more interested in 

investing capital in the oil market when oil prices decrease, making CTTI more volatile. However, 

after the outbreak of the COVID-19 pandemic, global financial markets were severely impacted, 

and oil prices no longer served as a safe haven. Therefore, the fall in oil prices could not affect the 

volatility of the Chinese travel stock market. 

Unlike OPS, before the outbreak of the COVID-19 pandemic, an increase in EMV-ID would 

lead to higher volatility of CTTI, while a decrease in EMV-ID would decrease the volatility of 

CTTI. After the outbreak of the pandemic, changes in EMV-ID may produce higher volatility of 

stocks in healthcare-related industries. At the same time, due to the government ban on activities, 

investors' panic about the pandemic leads to irrational investment behaviour and decisions, which 

further exacerbates the volatility of CTTI stocks. Our findings confirm that COVID-19 and other 

diseases stimulate the long-term volatility of the CTTI (Bai et al., 2021). It also can be seen from 

the VR value that pre-COVID-19, as China is a major oil-importing country, OPS was the primary 

source of the long-run volatility of listed tourism firms. The substantial increase in the VR of all 

types of uncertainty shocks that occurred after the outbreak of the pandemic, especially EMV-ID, 

clearly indicates that the pandemic influenced the long-run volatility of CTTI. We also conclude 

that no single uncertainty shock can explain the long-run volatility of CTTI well. Moreover, we 

cannot ignore that the mixing of OPS  and EMV-ID also exerts a powerful effect on the volatility 

of CTTI. 

Using the coefficients θ and w, the effects of low-frequency monthly uncertainty shocks on 

long-run volatility can be estimated. According to ( )1 2log ,t w w Xτ θϕ∆ = ∆ , the increase in the 

long-run volatility of CTTI is calculated as ( )1 2, 1w w Xeθϕ ∆ − . In the full sample data, the weighting 

function where +θ =2.4071 (θ − =-7.9672 ), +w =28.3996 ( w− =1.0347) results in 0.4533 (-0.0080) 

on the first lag and 0.0003 (-0.0079) on the twelfth lag of OPS. Moreover, adopt +w =16.9719 ( w−
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=1.0010) results in 0.0942 (0.0710) on the first lag and 0.0001 (0.0707) on the twelfth lag after the 

outbreak of the COVID-19 pandemic. Finally, pre-COVID-19, the weighting function where +w

=1.0447 ( w− =1.0048) results in 0.0078 (0.0006) on the first lag and 0.0069 (0.0005) on the 

twelfth lag of EMV-ID. Post-COVID-19, +w =41.8425 ( w- =1.0010) results in 0.5045 (0.7487) on 

the first lag and 0.0002 (0.7484) on the third lag of EMV-ID. Based on the above results, we 

conclude that one standard deviation change in OPS causes more significant fluctuations in the 

next month, and its weight decays rapidly. After the outbreak of the COVID-19 pandemic, the 

fluctuations caused by EMV-ID are more dramatic. This finding is consistent with the change in 

the value of VR before and after the outbreak of the pandemic. 

In summary, as a major oil-importing country, increases in oil prices and industrial activity 

are closely related to oil, thus contributing to economic prosperity. As a result, the travel and 

leisure industry also shows signs of prosperity. In this case, travel and leisure industry investors 

may immediately increase their investments, causing volatility in the travel stock market and vice 

versa. Thus, the results justify the hypothesis that OPS and EMV-ID greatly influence the long-run 

volatility of CTTI. They also confirm that uncertainty oil shock leads to unstable volatility in 

China’s listed tourism firms that varies over time. A plausible explanation for this is that different 

uncertainty shocks (e.g., the costs of goods on which listed tourism firms depend and public health 

events) influence the travel and leisure stock market in distinct ways. At the same time, the impact 

of uncertainty shocks on the volatility of China’s listed travel firms may be unstable due to the 

latter’s complex and variable responses to such shocks.  

 

[INSERT FIGURE 2 HERE] 

 

Figure 2 shows the CTTI’s volatility and its long-term components affected by different types 

of uncertainty shocks. Among them, the long-term volatility curve influenced by uncertainty 

shocks after the outbreak of the COVID-19 pandemic has similar trends. We can also observe 

several volatile points, such as the financial crisis that occurred around 2009, which caused a 

sharp drop in oil prices. Moreover, the EMV-ID shock also caused significant ups and downs in 
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the long-run volatility of CTTI. These special events all indicate that the effect of uncertainty 

represented by oil shocks and infectious diseases will indeed have an asymmetric impact on the 

volatility of China’s listed tourism firms. 

 

[INSERT FIGURE 3 HERE] 

 

We reconstruct the estimated long-run component with different portions in Figure 3 to 

distinguish the main contributions to long-run volatility. The blue line corresponds to the long-run 

volatility of CTTI, the red line corresponds to long-run volatility under the positive impact, and 

the green line corresponds to long-run volatility under the negative impact. According to the 

results of long-run volatility under uncertainty shocks, the volatility affected by OPS depends 

mainly on positive aspects shocks; EMV-ID does the opposite, with negative aspects shocks 

contributing a large proportion of long-run volatility. Thus, we concluded that the uncertainty 

shock might have a relevant asymmetric effect on the frequency component of the CTTI’s long-

run volatility, which was revealed well in the TAGM model.  

Forecasting China’s listed tourism firms’ volatility 

Out-of-sample forecasting 

In this section, we utilize the sample of January 2, 2019, to July 31, 2022, for an out-of-

sample forecasting performance evaluation. We divide the sample into two sub-samples, namely 

before and after the outbreak of the COVID-19 pandemic. Then, we use two alternative 

specifications in the GARCH-MIDAS equation, including the asymmetric effect and the basic 

model. In addition, other GARCH-type comparison models using the same frequency data are also 

included. Table 3 shows the out-of-sample prediction results. Table 3 presents the values of loss 

functions (i.e., RMSE, MAE, and QLIKE) for the performance of the different models in 

predicting the long-run volatility of CTTI. The numbers in parentheses represent the loss functions 

ratio of TAGM relative to the competitive model. Values smaller than one indicate that the TAGM 

model performs better than the comparison model. Values greater than one indicate the opposite. 
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The forecast results show that the TAGM are better than the GM during the whole forecasting 

period, which means that the asymmetric effect can better forecast the long-run fluctuation trend 

of CTTI. In addition, the TAGM model performs better than other comparable models. 

Additionally, EMV-ID makes better predictions during the pandemic, especially when uncertainty 

shocks are considered, and can improve forecast accuracy. At last, dividing different periods 

provides a better test of the robustness of TAGM predictions. 

 

[INSERT TABLE 3 HERE] 

 

DM test results 

In this subsection, we use the DM test (Diebold and Mariano (1995))  to determine whether 

considering asymmetry effects could improve prediction accuracy. The DM statistics and the 

corresponding p-values of the three types of uncertainty shocks under the TAGM are presented in 

Table 4. Table 4 shows the DM statistics of the TAGM model with uncertainty shocks are 

significantly negative, implying that the prediction accuracies of these TAGM are considerably 

higher than that of the GM. The DM test results confirm the superior forecasting power of 

uncertainty shocks under the TAGM. 

 

[INSERT TABLE 4 HERE] 

 

MCS test results  

Table 5 shows the MCS test (Hansen et al., 2011) results of different types of uncertainty 

shocks for out-of-sample prediction performance before and after the outbreak of the COVID-19 

pandemic. The p-values equal to 1 are marked in bold.  

We compare the results of all of the loss functions in different periods. We find that the MCS 

p-values of all models are larger than 0.10 before the outbreak of the COVID-19 pandemic, which 

shows that these models can generate higher forecasts. Furthermore, the models with OPS and 

EMV-ID can survive in the MCS test under the criteria of RMSE, MAE, and QLIKE, implying 
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that they can improve the accuracy of predictions of the daily stock volatility of China’s listed 

tourism firms. Finally, the p-values of TAGM containing EMV-ID equal to 1 in any period 

indicate that the corresponding models have the best out-of-sample forecasting performance. 

 

[INSERT TABLE 5 HERE] 

 

The above evidence shows that uncertainty shocks can effectively improve forecasting 

performance. The forecasting performance of TAGM with uncertainty shocks is significantly 

better than that of the GM model. 

Conclusions 

This paper mainly explores whether low-frequency uncertainty shocks (OPS and EMV-ID) 

have significant asymmetric effects on China’s listed tourism firms’ volatility by applying the 

TAGM model. The sample period spans from January 5, 2009, to July 31, 2022, providing 

observations from up to 3,299 trading days. Furthermore, we choose the prevailing evaluation 

methods, the MCS test and DM test to assess the out-of-sample forecasting performance of 

uncertainty shocks on China’s listed tourism firms’ volatility.  

We modified the GM model by adding asymmetric effect to the long-run volatility 

components and added each uncertainty shock to the TAGM model to develop the extended 

model. The main conclusions are interesting: First, the results of the estimations suggest that 

uncertainty shocks significantly impact China’s listed tourism firms’ volatility. Second, the impact 

of uncertainty shocks on the volatility of China’s listed tourism firms’ stocks is significantly 

asymmetrical. Figure 3 visually tells us that positive and negative uncertainty shocks significantly 

affect the long-run volatility of China’s listed tourism firms. The positive aspects of the OPS 

effects are more significant than the negative ones, and EMV-ID differs from OPS. Furthermore, 

the TAGM model offers an improved tool for understanding the impact of uncertainty shocks on 

China’s listed tourism firms’ stock volatility. TAGM outperforms GM in forecasting and exhibits 

superior performance to GJR-GARCH and GARCH models pre-COVID-19. Post-COVID-19, 

TAGM demonstrates better predictive ability than GARCH-type models when accounting for the 
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EMV-ID. Further, according to the estimated results from different periods, OPS has a distinctly 

different effect on the long-run volatility of CTTI before and after the outbreak of the COVID-19 

pandemic. OPS significantly increased the volatility of CTTI before the outbreak of the pandemic 

and showed an asymmetric effect on the volatility of CTTI after the outbreak. As China is an oil-

importing country, ups and downs in oil prices will directly affect people’s travel costs, influence 

the choices of travel business operators and investors, and ultimately affect the long-run volatility 

of CTTI. This result supports the findings of previous articles. EMV-ID proves that sudden 

pandemics significantly impact the volatility of CTTI and change the manner in which other 

uncertainty shocks, such as OPS, influence its long-run volatility. We can fully consider EMV-ID 

as an essential factor affecting the tourism stock market, as well as other industry stock markets. 

Our findings have important economic implications for tourism firms’ investment decisions 

and policy formulation. First, the impact of uncertainty shocks on listed tourism firms is variable. 

Depending on the different signals of uncertainty shocks, tourism and leisure industry investors 

should adjust their policies to cope with the various impact changes. In particular, it is essential to 

note that the impact of OPS on Chinese tourism firms changed with the outbreak of the COVID-

19 pandemic. More specifically, OPS shows a significant asymmetric effect post-COVID-19. 

Second, the impact of uncertainty shocks on the stock volatility of tourism firms is complex. 

Therefore, it can be seen that uncertainty has a predictive effect on tourism and leisure stocks. As 

an oil-importing country, policymakers can intervene in the tourism stock market during periods 

of increased oil demand by developing appropriate supply- and demand-oriented policies and 

regulations. In this way, they can avoid excessive volatility in CTTI fluctuations brought about by 

changes in oil prices. Moreover, the empirical results likewise remind policymakers that when 

measuring the impact of uncertainty shocks on CTTI volatility, they should not consider individual 

variables in isolation but instead the effects of various uncertainty shocks in an integrated manner. 

Policymakers must strive to maintain the continuity and stability of tourism market policies to 

promote the healthy and orderly development of China’s tourism stock market. In addition, during 

major events (e.g., the COVID-19 pandemic), policymakers should be vigilant to avoid possible 

risks. Finally, as a sunrise industry, the tourism and leisure industry plays an increasingly 

important role in China’s development. Chinese policymakers and market participants must also 
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pay close attention to changes in oil shocks and pandemic spread to implement dynamic 

management and investment. 

However, the present paper has limitations, considering only the Chinese tourism stock 

market. We should profitably extend this research to examine other countries’ tourism stock 

markets. Second, future studies may focus on the asymmetric impact of uncertainty shocks on 

different industries. Finally, we will continue to extend the GARCH-MIDAS model to explore the 

asymmetric effect of uncertainty indices on the volatility of the stock market.  
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Tables 

Table 1. The descriptive statistical and preliminary analyses 

Variables Mean Std.Dev. Skewness Kurtosis JB ADF 

CTTI 0.0455 1.5772 -0.4959 7.0916 3153.5970*** -60.2815*** 

OPS  0.0049 0.1110 -1.1990 9.7154 447.0356*** -9.9566*** 

EMV-ID 0.0109 0.6519 0.1549 3.9045 8.0364* -24.1035*** 

Preliminary analyses 

 ARCH(5) ARCH(10) Q(5) Q(10) Q2(5) Q2(10) 

CTTI 0.0624*** 0.0533*** 26.115*** 36.406*** 581.82*** 910.59*** 

OPS 64.3608*** 67.0713*** 3.7179 5.4155 66.706*** 67.189*** 

EMV-ID 9.3659* 12.0720*** 4.5271 14.573 10.086*** 12.665 

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. 
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Table 2. The estimation results of the TAGM-X model 

Sample Full sample Before the outbreak of the COVID-
19 pandemic 

After the outbreak of the COVID-19 
pandemic 

X OPS  EMV-ID OPS 
+EMV-ID OPS  EMV-ID OPS 

+EMV-ID OPS  EMV-ID OPS 
+EMV-ID 

μ 0.0420 
(0.0258) 

0.0413 
(0.0265) 

0.0419* 
(0.0253) 

0.0434 
(0.0273) 

0.0438* 
(0.0277) 

0.0445* 
(0.0269) 

0.0421 
(0.0688) 

0.0498 
(0.0434) 

0.0461 
(0.0687) 

α 0.0636*** 
(0.0140) 

0.0651*** 
(0.0130) 

0.0607*** 
(0.0115) 

0.0513*** 
(0.0100) 

0.0478*** 
(0.0102) 

0.0500*** 
(0.0102) 

0.0859*** 
(0.0069) 

0.0919* 
(0.0485) 

0.0762 
(0.0598) 

β 0.9230*** 
(0.0168) 

0.9179*** 
(0.0189) 

0.9239*** 
(0.0158) 

0.9398*** 
(0.0132) 

0.9493*** 
(0.0138) 

0.9455*** 
(0.0128) 

0.8449*** 
(0.0552) 

0.8569*** 
(0.2002) 

0.8743*** 
(0.2725) 

m 0.4217** 
(0.1959) 

2.6068*** 
(0.1570) 

3.0856*** 
(0.2654) 

0.7060*** 
(0.1865) 

1.3108 
(0.8644) 

0.9530** 
(0.3908) 

1.8932*** 
(0.1210) 

0.3028*** 
(0.2336) 

1.1239*** 
(0.2321) 

OPSθ +  32.9561*** 
(0.7978)  4.1004*** 

(0.3889) 
2.4071*** 
(0.4524)  3.1456*** 

(0.6695) 
4.4689** 
(1.8181)  7.3262*** 

(1.0059) 

OPSθ −  11.8960*** 
(1.7225)  11.0846*** 

(0.2761) 
-7.9672*** 

(0.4990)  -1.2810*** 
(0.4721) 

17.2589*** 
(1.2612)  28.0023*** 

(1.3389) 

EMV IDθ +
−   1.5488** 

(0.6820) 
1.6720*** 
(0.3235)  0.8739*** 

(0.3313) 
0.8228*** 
(0.2979)  0.8169*** 

(0.2002 
4.1906*** 
(0.7568) 

EMV IDθ −
−   7.2858*** 

(0.6904) 
8.2691 

(0.8729)  0.0691 
(0.3409) 

0.0517 
(0.2678)  -6.9018*** 

(1.5382) 
-0.9763* 
(0.5004) 

OPSw+  1.0010*** 
(0.2901)  36.4549*** 

(0.2869) 
28.3996*** 

(0.2890)  5.2948*** 
(1.7498) 

16.9719*** 
(2.2811)  12.5744*** 

(1.2882) 

OPSw−  1.0010 
(1.3669)  2.2540** 

(0.8862) 
1.0347*** 
(0.3723)  3.5753** 

(1.6222) 
1.0010*** 
(0.1347)  1.9766*** 

(0.3056) 

EMV IDw+
−   5.7417*** 

(0.7063) 
5.7233** 
(0.3266)  1.0447 

(0.6982) 
1.0050*** 
(0.3081)  41.8425 

(68.1103) 
2.1711*** 
(0.5119) 

EMV IDw−
−   1.0010 

(1.2399) 
1.0010** 
(0.4279)  1.0048 

(1.1156) 
1.0010 

(0.8986)  1.0010* 
(0.5271) 

10.8328*** 
(1.5552) 

VR(%) 26.94 20.33 32.86 21.36 14.17 24.98 80.11 62.02 86.49 

AIC 12561.60 12560.71 12550.06 10000.11 9997.744 9999.722 2531.991 2548.036 2532.045 

Note: This table reports the full-sample estimates for the TAGM model coefficients. VR is the 

relative importance of the long-term component. The numbers in parentheses represent standard 

errors. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. 
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Table 3. Comparisons of the out-of-sample forecasting performance 

Models OPS EMV OPS+ 
EMV OPS EMV OPS+ 

EMV OPS EMV OPS+ 
EMV 

 Full-sample 
(2018/1/2-2022/7/31) 

Before the outbreak of the 
COVID-19 pandemic 
(2018/1/2-2019/12/31) 

After the outbreak of the 
COVID-19 pandemic 
(2020/1/1-2022/7/31) 

TAGM 

RMSE 6.6858 6.6650 6.6925 5.0711 5.0828 5.0746 7.7105 7.6800 7.7191 

MAE 3.5063 3.4822 3.5020 2.6782 2.6710 2.6742 4.1474 4.1045 4.1427 

QLIKE 2.0810 2.0798 2.0906 1.8090 1.8077 1.8131 2.2937 2.2892 2.3042 

GARCH-MIDAS 

RMSE 6.6962 
(0.9984) 

6.7028 
(0.9944) 

6.7653 
(0.9892) 

5.0828 
(0.9977) 

5.0991 
(0.9968) 

5.0857 
(0.9978) 

7.7248 
(0.9981) 

7.7266 
(0.9940) 

7.8297 
(0.9859) 

MAE 3.5676 
(0.9828) 

3.5789 
(0.9730) 

3.5278 
(0.9927) 

2.7628 
(0.9694) 

2.7141 
(0.9841) 

2.6729 
(1.0005) 

4.0958 
(1.0126) 

4.2539 
(0.9649) 

4.1950 
(0.9875) 

QLIKE 2.0918 
(0.9948) 

2.0881 
(0.9960) 

2.1129 
(0.9894) 

1.8204 
(0.9937) 

1.8175 
(0.9946) 

1.8273 
(0.9922) 

2.3036 
(0.9957) 

2.2993 
(0.9956) 

2.3358 
(0.9864) 

GJR- GARCH 

RMSE 6.6694 
(1.0024) 

6.6694 
(0.9993) 

6.6694 
(1.0020) 

5.0813 
(0.9980) 

5.0813 
(1.0003) 

5.0813 
(0.9987) 

7.6883 
(1.0028) 

7.6883 
(0.9989) 

7.6883 
(1.0040) 

MAE 3.4833 
(1.0066) 

3.4833 
(0.9996) 

3.4833 
(1.0053) 

2.6856 
(0.9972) 

2.6856 
(0.9945) 

2.6856 
(0.9957) 

4.1168 
(1.0074) 

4.1168 
(0.9970) 

4.1168 
(1.0062) 

QLIKE 2.0806 
(1.0001) 

2.0806 
(0.9996) 

2.0806 
(1.0048) 

1.8157 
(0.9963) 

1.8157 
(0.9955) 

1.8157 
(0.9985) 

2.2906 
(1.0013) 

2.2906 
(0.9993) 

2.2906 
(1.0059) 

GARCH 

RMSE 6.6741 
(1.0017) 

6.6741 
(0.9986) 

6.6741 
(1.0028) 

5.0877 
(0.9967) 

5.0877 
(0.9990) 

5.0877 
(0.9974) 

7.6923 
(1.0024) 

7.6923 
(0.9984) 

7.6923 
(1.0035) 

MAE 3.4732 
(1.0095) 

3.4732 
(0.9997) 

3.4732 
(1.0053) 

2.6765 
(0.9998) 

2.6765 
(0.9971) 

2.6765 
(0.9983) 

4.1058 
(1.0101) 

4.1058 
(0.9996) 

4.1058 
(1.0089) 

QLIKE 2.0843 
(0.9984) 

2.0843 
(0.9978) 

2.0843 
(1.0030) 

1.8190 
(0.9945) 

1.8190 
(0.9937) 

1.8190 
(0.9967) 

2.2946 
(0.9952) 

2.2946 
(0.9933) 

2.2946 
(0.9998) 

Note: This table presents the values of loss functions (i.e., RMSE, MAE, and QLIKE) for the 

performance of the different models in predicting the long-run volatility of CTTI. The numbers in 

parentheses represent the loss functions ratio of TAGM relative to the competitive model. Values 

smaller than one indicate that the TAGM model performs better than the comparison model. 

Values greater than one indicate the opposite.  
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Table 4. Results of the DM test (2018.1.2-2022.7.31) 

 RMSE MAE QLIKE 

 DM 
statistics p-value DM 

statistics p-value DM 
statistics p-value 

Panel A. Full-sample (2018/1/2-2022/7/31) 
TAGM- 

OPS -1.866* 0.0623 -0.4916 0.6231 -2.1351** 0.0330 

TAGM- 
EMV-ID -2.8846** 0.0040 -7.2674*** 0.0001 -1.2539 0.2101 

TAGM- 
(OPS +EMV-ID) -3.7297*** 0.0002 -3.7297*** 0.0002 -4.5523*** 0.0001 

Panel B. Before the outbreak of the COVID-19 pandemic (2018/1/2-2019/12/31) 
TAGM- 

OPS -1.7832* 0.0752 -3.1163*** 0.0019 -1.8025* 0.0721 

TAGM- 
EMV-ID -1.9827** 0.0480 -3.0578*** 0.0024 -0.6133 0.5400 

TAGM- 
(OPS +EMV-ID) -1.6630* 0.0970 -0.7508 0.4531 -2.2367** 0.0258 

Panel C. After the outbreak of the COVID-19 pandemic (2020/1/2-2022/7/31) 
TAGM- 

OPS -1.6524* 0.0990 -3.7698*** 0.0002 -3.1110*** 0.0020 

TAGM- 
EMV-ID -2.3231** 0.0205 -2.3231** 0.0205 -1.1151 0.2652 

TAGM- 
(OPS +EMV-ID) -3.6757*** 0.0003 -1.4841 0.1383 -3.5933*** 0.0004 

Note: This table presents the result of DM statistics and the corresponding p-value between TAGM 

models and the corresponding GM model. A negative DM statistic implies that the TAGM model 

has higher forecasting accuracy. The p-value of the DM statistic smaller than 0.1 is marked in bold. 

***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. 
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Table 5. Results of the MCS test for the TAGM model 

 RMSE MAE QLIKE 

Panel A. Full-sample (2018/1/2-2022/7/31) 

TAGM-OPS 0.9092 0.1386 0.9904 

TAGM-EMV-ID 1.0000 1.0000 1.0000 

TAGM-(OPS +EMV-ID) 0.4872 0.2786 0.0980 

GM-OPS 0.5928 0.9946 0.3816 

GM-EMV-ID 0.3918 0.0062 0.8328 

GM-(OPS +EMV-ID) 0.3318 0.7624 0.0148 

Panel B. Before the outbreak of the COVID-19 pandemic (2018/1/2-2019/12/31) 

TAGM-OPS 0.9974 0.3898 0.9998 

TAGM-EMV-ID 1.0000 1.0000 1.0000 

TAGM-(OPS +EMV-ID) 0.6738 0.4196 0.1712 

GM-OPS 0.8616 0.9294 0.5128 

GM-EMV-ID 0.3212 0.2892 0.9808 

GM-(OPS +EMV-ID) 0.8038 0.9370 0.1424 

Panel C. After the outbreak of the COVID-19 pandemic (2020/1/2-2022/7/31) 

TAGM-OPS 0.9080 0.3138 0.9912 

TAGM-EMV-ID 1.0000 1.0000 1.0000 

TAGM-(OPS +EMV-ID) 0.5174 0.4500 0.2170 

GM-OPS 0.6512 0.9996 0.6344 

GM-EMV-ID 0.6528 0.0068 0.9134 

GM-(OPS +EMV-ID) 0.3216 0.7814 0.0262 

Note: This table presents the p-values of the MCS test under specific loss functions s (RMSE, 
MAE, QLIKE) and test statistics (range RT ). The p-values equal to 1 are bolded, indicating that 
the corresponding models have the best out-of-sample forecasting performance.  
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Figure 1. Time series of CTTI’s return and uncertainty shocks. 
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Figure 2. Comparison of the long-run volatility under different uncertainty shocks. 

Note: This figure shows the long-run and total volatility under different uncertainty shocks, 

estimated by the TAGM model with different uncertainty shocks in the MIDAS equation. The total 

and long-run volatility sample period is daily from January 5, 2009, to July 31, 2022. 
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Figure 3. The impact of uncertainty shocks on the long-run volatility for asymmetric effect. 
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