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A B S T R A C T   

This study mainly investigates which predictors (VIX or EPU index) are useful to forecast future volatility for 19 
equity indices based on HAR framework during coronavirus pandemic. Out-of-sample analysis shows that the 
HAR-RV-VIX model exhibits superior forecasting performance for 12 stock markets, while EPU index just can 
improve forecast accuracy for 5 equity indices, implying that VIX index is more useful for most stock markets’ 
future volatility during coronavirus crisis. The results are robust in recursive window method, alternative 
realized measures and sub-sample analysis; moreover, VIX index still contains the strongest predictive ability by 
considering kitchen sink model and mean combination forecast. Furthermore, we further discuss the predictive 
effect of VIX and EPU index before the coronavirus crisis. Our article provides policy makers, researchers and 
investors with new insights into exploiting the predictive ability of VIX and EPU index for international stock 
markets during coronavirus pandemic.   

1. Introduction 

After the declaration of the World Health Organization that the 
coronavirus outbreaks a pandemic, the US stock market plummeted on 
March 11, 2020. More specifically, the S&P 500 decreased by 4.9% and 
Nasdaq decreased by 4.7% and till March 11, the Dow plunged nearly 
3000 points, get its biggest drop since 1987.1 Subsequently, several re-
searchers pay their attention to COVID-19 pandemic’s effect on the stock 
market (Baker et al., 2020; Gormsen & Koijen, 2020; Onali, 2020; Yil-
mazkuday, 2020). For example, Baker et al. (2020) argue COVID-19 
pandemic leads to the unprecedented shock on US stock market 
compared with other infectious diseases (SARS, Ebola, Bird Flu and 
Swine Flu epidemics). 

Closely related to risk prevention of extreme risk, tail risk, spillover 
etc., accurate volatility prediction can provide valuable information for 
market investors, policy makers, economic activities (Bollerslev, Hood, 
Huss, & Pedersen, 2018; Ma, Liao, Zhang, & Cao, 2019). Although it is 
difficult to improve forecasting accuracy, increasing studies document 
that popular uncertainty indexes, EPU and VIX, contain useful infor-
mation for forecasting stock market volatility (Balcilar, Gupta, Kim, & 
Kyei, 2019; Bekaert & Hoerova, 2014; Brogaard & Detzel, 2015; Liu & 

Zhang, 2015). Specifically, Liang, Wei, and Zhang (2020) investigate the 
VIX’s forecasting ability for eight international stock markets, the results 
indicate VIX index exhibits powerful predictive ability. Moreover, Liu 
and Zhang (2015) point out the EPU index is useful for forecasting S&P 
500 volatility. Motivated these researches, our study verifies which 
popular uncertainty predictor (VIX or EPU index) is more powerful for 
forecasting international stock market volatility under this extreme 
fluctuation condition. 

In our study, we employ the superior volatility measures to forecasts 
realized volatility (RV), which has been recorded in the numerous 
literature (Fang, Wang, Liu, & Song, 2018; Liu, Ma, & Zhang, 2019; Liu 
& Zhang, 2015; Ma, Wei, Liu, & Huang, 2018; Peng, Chen, Mei, & Diao, 
2018; Pu, Chen, & Ma, 2016; Wang, Wei, Wu, & Yin, 2018; Wei, Wang, 
& Huang, 2010; Wen, Gong, & Cai, 2016; Wen, Zhao, Zhang, & Hu, 
2019). Subsequently, we utilize the heterogeneous autoregressive 
(HAR) model of Corsi (2009), which has become the workhorse of 
forecasting models for stock volatility due to its simple linear regression 
techniques and consistently superior forecasting performance (Buncic & 
Gisler, 2016; Cubadda, Guardabascio, & Hecq, 2017; Liang et al., 2020; 
Liu et al., 2019; Ma et al., 2018; Pu et al., 2016; Qiu, Zhang, Xie, & Zhao, 
2019; Wang, Ma, Wei, & Wu, 2016; Wen et al., 2016; Wen et al., 2019). 
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More specifically, Aganin (2017) compare the GARCH, ARFIMA and 
HAR-RV models and the results show that HAR-RV model has superior 
performance than GARCH and ARFIMA models; moreover, Vortelinos 
(2017) compares the forecasting performance of nonlinear models 
(Principal Components Combining, neural networks and GARCH) and 
HAR-RV model, the result indicate the simple HAR model is the most 
accurate for seven US financial markets (spot equity, spot foreign ex-
change rates, exchange traded funds, equity index futures, US Treasury 
bonds futures, energy futures, and commodities options). Furthermore, 
Buncic and Gisler (2017) employ the HAR-RV-type models to investigate 
the role of jump and leverage effect in forecasting international stock 
market volatility; moreover, from global international market perspec-
tive, Zhang, Ma, and Liao (2020) focus on cross-national volatility flows 
and also employ the HAR-RV-type models. Given the success of the HAR- 
RV-type models, we follow abovementioned studies and set HAR-RV 
model as our benchmark. 

Three different sets of data including realized measures of interna-
tional stock market, VIX and EPU index are employed to investigate 
forecasting ability of these two predictors during the coronavirus 
pandemic. First, following Patton and Ramadorai (2013), Buncic and 
Gisler (2017) and Liang et al. (2020) and among others, we utilize 
realized measures data from the Oxford-Man Institute’s Quantitative 
Finance Realized Library (Realized Library),2 that contains 19 equity 
indices including AEX (The Netherlands), All Ordinaries (Australia), 
BOVESPA (Brazil), CAC 40 (France), FTSE MIB (Italy), FTSE 100 (United 
Kingdom), DAX 30 (Germany), S&P TSX (Canada), Hang Seng (China 
Hong Kong), IBEX 35 (Spain), KOSPI (South Korea), IPC Mexico 
(Mexico), Nikkei 225 (Japan), S&P CNX Nifty (India), S&P 500 (United 
States), SSEC (China), Swiss Market Index (Switzerland), FT Straits 
Times (Singapore) and Euro STOXX 50 (Euro Area). Second, the VIX is 
an implied volatility index proposed by Chicago Board of Options Ex-
change and can be available from CBOE website.3 Third, we apply US 
daily news-based economic policy uncertainty index (EPU) as another 
predictor, which can be found from the EPU website4 and derived from 
thousands of newspapers and other news globally. 

Our empirical design is as follows. First, we fit HAR-RV, HAR-RV-VIX 
and HAR-RV-EPU model to investigate the effect of VIX and EPU index 
for 19 considered stock markets via in-sample analysis. Second, the 
rolling window method is employed to forecast RV during the corona-
virus crisis, and three popular evaluation approaches, Model Confidence 
Set (MCS), Diebold-Mariano (DM) and out-of-sample R2 test are applied 
to assess out-of-sample predictive quality. Third, we apply plenty of 
robustness checks to reconfirm the results, including recursive window 
method, alternative realized measures, and sub-sample analysis. Finally, 
we further discuss the performance of VIX and EPU by considering other 
forecasting models (kitchen sink model and forecast combinations) and 
the periods before the coronavirus crisis. 

Several remarkable findings are observed. First, via in-sample re-
sults, we find that the increase of R2 values of HAR-RV-VIX model are 
larger than HAR-RV-EPU model, implying that the VIX index exhibits 
better interpretive ability for almost stock markets (except SSEC) than 
EPU. Second, we empirically find that for most international stock 
markets (12 equity indices in our study), VIX is more helpful to predict 
the stock market volatility as COVID-19 becomes a pandemic interna-
tionally. These equity indies are AEX, BOVESPA, CAC40, FTSE MIB, DAX 
30, S&P TSX, IBEX 35, NIKKEI 225, S&P 500, Swiss Market Index, FT 
Straits Times and EUROXX 50. While for 5 international stock markets 
(All Ordinaries, FTSE 100, IPC Mexico, SSEC and Hang Seng), EPU can 
improve forecasting accuracy, especially China. However, what’s 
interesting is that EPU and VIX are both not useful for KOSPI and S&P 
CNX Nifty. Third, we reconfirm our conclusions are robust by 

performing plenty of robustness checks including recursive window 
method, alternative realized measures and sub-sample analysis. Finally, 
we further discuss the forecasting ability of VIX and EPU index by 
considering the kitchen sink model and forecast combinations, the re-
sults indicate that VIX still contains more useful content for future 
volatility. Furthermore, considering the periods before the coronavirus 
crisis, we get similar conclusion that VIX index is the most predictive for 
most of the stock markets. 

Our article contributes to the existing literature from following as-
pects. First, to our best of knowledge, this is the first paper that identifies 
either EPU or VIX is more helpful to predict stock market volatility 
during coronavirus crisis. Second, we find that existing literatures 
mostly study EPU’s or VIX’s individual effects on a single stock market, 
if any, almost be G7 stock market, and rare literature focus on the 
multiple stock markets. Thus, we expand the existing researches to focus 
on up to 19 international stock markets. Our article tries to provide 
policy makers, researchers and investors with new valuable information 
to exploit the predictive ability of VIX and EPU index for international 
stock markets during coronavirus pandemic. 

The remainder of the paper is structured as follows. Section 2 shows 
the realized variance, forecasting models and forecast evaluation ap-
proaches. Section 3 describes the descriptive information of data. The 
main results of in-sample, out-of-sample estimation analysis and 
robustness checks are in Section 4. Further analysis is provided in Sec-
tion 5. Section 6 concludes. 

2. Methodology 

Following Andersen and Bollerslev (1998), we sum the squared 
intraday high-frequency returns to construct the RV, for a specific 
trading day t, which is written as: 

RVt =
∑M

j=1
r2
t,j, (1)  

where M = 1/∆ and ∆ is the sampling rate, rt, j represents the jth intraday 
returns of day t. Subsequently, when Δ → 0, RV can be expressed as: 

RVt→
∫ t

0
σ2(s)ds+

∑

0<s≤t
k2(s), (2)  

where 
∫

0
t σ2(s)ds is the integrated variance (IV) and 

∑

0<s≤t
k2(s) indicates 

the discontinuous parts of jump in the quadratic variation process. Ac-
cording to Barndorff-Nielsen and Shepherd (2004), IV can be calculated 
by bi-power variation (BPV) as follow: 

BPVt = μ− 2
1

∑1/∆

j=2

⃒
⃒rt,j
⃒
⃒
⃒
⃒rt,j− 1

⃒
⃒, (3)  

where μ1 =
̅̅̅̅̅̅̅̅
2/π

√
≈ 0.7979. 

2.1. Forecasting models 

In our study, we set the popular HAR-RV model as our benchmark 
model, which incorporates daily, weekly and monthly realized variance 
components and is written as: 

Model 1: HAR-RV. 

RVt+1 = β0 + βdRVt + βwRVWt + βmRVMt + εt+1, (4)  

where RVt, RVWt and RVMt represent daily, weekly and monthly RV, 
respectively. Moreover, RVWt = 1

5
∑5

i=1RVi, RVMt =
1
22
∑22

i=1RVi and εt+1 
is the disturbance term. 

Subsequently, we add the VIX and EPU information on trading day t 
to construct the HAR-RV-VIX and HAR-RV-EPU model for each stock 
market. These two HAR specifications are: 

2 https://realized.oxford-man.ox.ac.uk/.  
3 http://www.cboe.com/vix.  
4 http://www.policyuncertainty.com/us_monthly.html. 
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Model 2: HAR-RV-VIX. 

RVt+1 = β0 + βdRVt + βwRVWt + βmRVMt + βVIXVIXt + εt+1, (5) 

Model 3: HAR-RV-EPU. 

RVt+1 = β0 + βdRVt + βwRVWt + βmRVMt + βEPUEPUt + εt+1, (6)  

2.2. Forecast evaluation approaches 

2.2.1. Model confidence set test 
The model confidence set (MCS) test of Hansen, Lunde, and Nason 

(2011) is popularly applied to evaluate the out-of-sample predictive 
accuracy (Kim & Won, 2018; Liang et al., 2020; Liu et al., 2019; Ma 
et al., 2018; Ma, Liao, et al., 2019; Pu et al., 2016; Wei et al., 2010; Wen 
et al., 2016; Wen et al., 2019). Following Ma, Zhang, Wahab, and Lai 
(2019) and Mei, Ma, Liao, and Wang (2020), we consider confidence 
level α at 0.25 to ascertain the best model set, moreover, stationary 
bootstrap approach5 is used to evaluate the interpretation of the MCS 
tests’ p-value. In other words, it implies that the predictive models have 
a better out-of-sample prediction performance when their MCS p-values 
are over 0.25. Additionally, the QLIKE and MSE loss functions are 
popularly employed to evaluate predictive performance (Bekierman & 
Manner, 2018) and have been proven they are robust in forecasting 
volatility present noise (Patton, 2011). These two evaluation criteria can 
be evaluated as follow: 

QLIKE = L− 1
∑L

a=1

(

ln
(
R̂Vf

)
+

(
RVa
R̂Vf

))

, (7)  

MSE = L− 1
∑L

a=H+1

(
RVa − R̂Vf

)2
, (8)  

where R̂Vf indicates forecasts from forecasting models, while RVa rep-
resents actual volatility and L is the length of out-of-sample evaluation 
period. 

2.2.2. Diebold-Mariano (DM) test 
In addition to the MCS test, we introduce another popular forecast 

evaluation approach, DM test, which is widely used and recommended 
by many prediction literature (Gong & Lin, 2018; Liang et al., 2020). DM 
statistics can assess paired difference of forecasting models; therefore, 
we perform this test to investigate the different forecasting ability 
among HAR-RV-VIX, HAR-RV-EPU model and our benchmark HAR-RV 
model for every equity index. DM statistic is calculated as: 

DM statistic =
d
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(d)

√ , (9)  

where d = 1
q
∑m+q

t=m+1dt, dt denotes the differential of QLIKE and MSE loss 
functions, Var(d) is the variance of dt. The positive (negative) DM sta-
tistic denote forecasting model outperforms (underperforms) the 
benchmark. 

2.2.3. Out-of-sample R2 test 
The last method is out-of-sample R2 test, using this method, we can 

assess the significance of differences across different models. The ROOS
2 

measure is defined as: 

R2
oos = 1 −

∑N

j=1

(
RVa − RV2

j,n

)2

∑N

t=1

(
RVa − RV2

0,n

)2
, (10) 
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5 Regarding evaluating the MCS p-value, more technical details can be found 
in Hansen et al. (2011). 
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where RV0, n
2 and RVj, n

2 represent the volatility obtained from the 
benchmark model and model j, respectively. Furthermore, we introduce 
the MSPE-adjusted statistic, following Clark and West (2007), to identify 
whether the extended models and benchmark model can exhibit het-
erogeneous performance in forecasting stock future RV. A positive 
(negative) ROOS

2 indicates the forecasts from extended models have lower 
(larger) MSPE than the benchmark model, implying competing models 
outperform(underperform) the benchmark model. 

3. Data 

The study purposely explores the forecasting ability of VIX and EPU 
index during the coronavirus pandemic period in global stock market. 
Therefore, we use three different sets of data including RV of each equity 
index, VIX and EPU index. 

First, we apply daily RV available from the Realized Library. In our 
study, we select 19 equity indices including AEX (The Netherlands), All 
Ordinaries (Australia), BOVESPA (Brazil), CAC 40 (France), FTSE MIB 
(Italy), FTSE 100 (United Kingdom), DAX 30 (Germany), S&P TSX 
(Canada), Hang Seng (China Hong Kong), IBEX 35 (Spain), KOSPI 
(South Korea), IPC Mexico (Mexico), Nikkei 225 (Japan), S&P CNX Nifty 
(India), S&P 500 (United States), SSEC (China), Swiss Market Index 
(Switzerland), FT Straits Times (Singapore) and Euro STOXX 50 (Euro 
Area). All the realized measures of each equity index that we utilize are 
evaluated by sum the squared 5-min high-frequency price returns. Note 
that, 5-min sampling data as a rule of thumb can offer a balance between 
market microstructure noise and predictive improvement (Liu, Patton, 
& Sheppard, 2015). The whole sample of each equity index are shown in 
Table 1, and we transform all variance measures to annualized 
volatilities. 

Second, the VIX is an implied volatility index proposed by CBOE and 
is computed from put and call options of S&P 500 index, holding ma-
turities of nearly 22 trading days. In our study, we collect the VIX data 
from CBOE website. 

Third, as the proxy of uncertainty, we apply the US daily news index 
to investigate whether the EPU contains useful forecasting information 
during coronavirus pandemic, which is derived from archives of 

thousands of newspapers and other news source globally. The EPU index 
is available from the EPU website and more information can be included 
in Baker et al. (2016). Subsequently, we clean the VIX and EPU data by 
matching the same trading day from each equity index. 

Table 1 reports the descriptive features for each stock market RVs, 
VIX and EPU index.6 We observe that all the realized measures of each 
equity index, VIX and EPU index show significantly right-skewed and 
leptokurtic. The Jarque-Bera statistic test demonstrates all the variables 
do not have normally distribution at the 1% significance level, while 
they have auto-correlations at the 1% significance level from Ljung-Box 
test. Finally, we employ ADF test to examine the exist of a unit root, the 
results indicate all the measures are stationary. Fig. 1 illustrates the 
graphical representations of each equity index, VIX and EPU index 
during evaluation period. It can be observed that RV of each equity 
index, VIX and EPU increase sharply when coronavirus crisis breaks out. 

4. Empirical results 

4.1. In-sample estimation results 

We fit three regression models for 19 considered stock markets to 
estimate the coefficient and investigate the effect of VIX and EPU index 
via in-sample analysis over the whole period. Tables 2-4 report the 
estimation result, obviously, we have several remarkable findings that 
are interesting to highlight here. 

First, from the estimated results of HAR-RV shown in Table 2, the 
coefficient estimates of different RV lags (βd, βw and βm) for 19 stock 
markets are significantly positive at the 1% level, implying that RV ex-
hibits high persistence. The adjusted R2 values are between 0.426 for the 
FT Straits Times (Singapore) and 0.798 for KOSPI (South Korea), with an 
average value of 0.671, suggesting our benchmark model has the better 
interpretive ability. 

Second, the HAR-RV-VIX model’s results of each equity index shown 

Fig. 1. RVs, VIX and EPU.  

6 RVs represent the time series of RV for each equity index, and the name of 
each equity index is used to indicate the RV. 
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Table 2 
HAR-RV model parameter estimates.  

Index Observations β0 βd βw βm Adjusted R2 

AEX 5021 0.103 0.453 0.374 0.127 0.756 
The Netherlands  [0.000] [0.000] [0.000] [0.000]  
All Ordinaries 4975 0.145 0.250 0.422 0.247 0.557 
Australia  [0.000] [0.000] [0.000] [0.000]  
BOVESPA 4853 0.229 0.443 0.312 0.158 0.593 
Brazil  [0.000] [0.000] [0.000] [0.000]  
CAC 40 5022 0.108 0.437 0.371 0.146 0.741 
France  [0.000] [0.000] [0.000] [0.000]  
FTSE MIB 2675 0.189 0.448 0.329 0.145 0.626 
Italy  [0.000] [0.000] [0.000] [0.000]  
FTSE 100 4998 0.134 0.353 0.390 0.196 0.662 
United Kingdom  [0.000] [0.000] [0.000] [0.000]  
DAX 30 4998 0.099 0.419 0.372 0.167 0.750 
Germany  [0.000] [0.000] [0.000] [0.000]  
S&P TSX 4392 0.106 0.352 0.347 0.244 0.683 
Canada  [0.000] [0.000] [0.000] [0.000]  
Hang Seng 4829 0.114 0.301 0.368 0.280 0.663 
China Hong Kong  [0.000] [0.000] [0.000] [0.000]  
IBEX 35 4913 0.112 0.448 0.335 0.171 0.742 
Spain  [0.000] [0.000] [0.000] [0.000]  
KOSPI 4822 0.076 0.433 0.332 0.201 0.798 
South Korea  [0.000] [0.000] [0.000] [0.000]  
IPC Mexico 4938 0.198 0.335 0.315 0.258 0.547 
Mexico  [0.000] [0.000] [0.000] [0.000]  
Nikkei 225 4754 0.146 0.465 0.283 0.188 0.668 
Japan  [0.000] [0.000] [0.000] [0.000]  
S&P CNX Nifty 4841 0.116 0.411 0.327 0.209 0.695 
India  [0.000] [0.000] [0.000] [0.000]  
S&P 500 5063 0.107 0.474 0.316 0.158 0.722 
United States  [0.000] [0.000] [0.000] [0.000]  
SSEC 4719 0.125 0.502 0.247 0.198 0.724 
China  [0.000] [0.000] [0.000] [0.000]  
Swiss Market Index 4941 0.111 0.467 0.367 0.116 0.767 
Switzerland  [0.000] [0.000] [0.000] [0.000]  
FT Straits Times 1102 0.230 0.306 0.252 0.327 0.426 
Singapore  [0.000] [0.000] [0.000] [0.000]  
Euro STOXX 50 5026 0.144 0.337 0.428 0.174 0.632 
Euro Area  [0.000] [0.000] [0.000] [0.000]  

Notes: This table reports parameter estimates from OLS regression for 19 stock markets over the full sample period. Columns 1–2 report equity index and observations, 
columns 3–7 display the parameter estimation, p-values (below the estimates), and Adjusted R2. 
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Table 3 
HAR-RV-VIX model parameter estimates.  

Index Observations β0 βd βw βm βVIX Adjusted R2 ∆R2 

AEX 5021 − 0.217 0.385 0.319 0.025 0.309 0.768 1.564 
The Netherlands  [0.000] [0.000] [0.000] [0.227] [0.000]   
All Ordinaries 4975 − 0.069 0.234 0.394 0.205 0.138 0.564 1.301 
Australia  [0.051] [0.000] [0.000] [0.000] [0.000]   
BOVESPA 4853 0.151 0.428 0.301 0.119 0.089 0.597 0.674 
Brazil  [0.000] [0.000] [0.000] [0.000] [0.000]   
CAC 40 5022 − 0.159 0.369 0.316 0.026 0.315 0.754 1.704 
France  [0.000] [0.000] [0.000] [0.232] [0.000]   
FTSE MIB 2675 − 0.029 0.418 0.306 0.103 0.169 0.634 1.17 
Italy  [0.559] [0.000] [0.000] [0.001] [0.000]   
FTSE 100 4998 − 0.262 0.265 0.305 0.016 0.449 0.685 3.562 
United Kingdom  [0.000] [0.000] [0.000] [0.507] [0.000]   
DAX 30 4998 − 0.152 0.370 0.326 0.089 0.249 0.758 1.137 
Germany  [0.000] [0.000] [0.000] [0.000] [0.000]   
S&P TSX 4392 − 0.153 0.323 0.318 0.186 0.180 0.688 0.795 
Canada  [0.000] [0.000] [0.000] [0.000] [0.000]   
Hang Seng 4829 − 0.009 0.280 0.345 0.219 0.134 0.669 0.902 
China Hong Kong  [0.744] [0.000] [0.000] [0.000] [0.000]   
IBEX 35 4913 − 0.030 0.422 0.316 0.130 0.130 0.746 0.626 
Spain  [0.271] [0.000] [0.000] [0.000] [0.000]   
KOSPI 4822 − 0.047 0.422 0.324 0.176 0.080 0.800 0.219 
South Korea  [0.076] [0.000] [0.000] [0.000] [0.000]   
IPC Mexico 4938 0.075 0.325 0.306 0.225 0.086 0.551 0.551 
Mexico  [0.043] [0.000] [0.000] [0.000] [0.000]   
Nikkei 225 4754 − 0.059 0.435 0.258 0.139 0.164 0.677 1.334 
Japan  [0.064] [0.000] [0.000] [0.000] [0.000]   
S&P CNX Nifty 4841 0.028 0.408 0.323 0.206 0.040 0.695 0.09 
India  [0.436] [0.000] [0.000] [0.000] 0.001   
S&P 500 5063 − 0.673 0.336 0.216 − 0.071 0.665 0.746 3.261 
United States  [0.000] [0.000] [0.000] 0.001 [0.000]   
SSEC 4719 0.106 0.502 0.248 0.196 0.008 0.724 − 0.004 
China  [0.004] [0.000] [0.000] [0.000] [0.480]   
Swiss Market Index 4941 − 0.087 0.416 0.332 0.045 0.199 0.775 1.057 
Switzerland  [0.000] [0.000] [0.000] [0.025] [0.000]   
FT Straits Times 1102 0.031 0.258 0.167 0.322 0.184 0.449 5.38 
Singapore  [0.681] [0.000] [0.002] [0.000] [0.000]   
Euro STOXX 50 5026 − 0.158 0.282 0.361 0.042 0.343 0.648 2.56 
Euro Area  [0.000] [0.000] [0.000] [0.103] [0.000]   

Notes: Columns 1–2 report equity index and observations, columns 3–9 display the parameter estimation, p-values (below the estimates), Adjusted R2, and the percent 
increase of R2 (∆R2), respectively. 
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Table 4 
HAR-RV-EPU model parameter estimates.  

Index Observations β0 βd βw βm βEPU Adjusted R2 ∆R2 

AEX 5021 0.080 0.452 0.373 0.126 0.007 0.756 0.003 
The Netherlands  [0.004] [0.000] [0.000] [0.000] [0.229]   
All Ordinaries 4975 0.079 0.248 0.421 0.241 0.019 0.557 0.102 
Australia  [0.029] [0.000] [0.000] [0.000] [0.007]   
BOVESPA 4853 0.168 0.442 0.310 0.155 0.017 0.594 0.106 
Brazil  [0.000] [0.000] [0.000] [0.000] [0.004]   
CAC 40 5022 0.094 0.437 0.371 0.144 0.005 0.741 − 0.002 
France  [0.001] [0.000] [0.000] [0.000] [0.417]   
FTSE MIB 2675 0.166 0.448 0.328 0.144 0.006 0.626 − 0.013 
Italy  [0.002] [0.000] [0.000] [0.000] [0.510]   
FTSE 100 4998 0.102 0.352 0.389 0.193 0.011 0.662 0.014 
United Kingdom  [0.002] [0.000] [0.000] [0.000] [0.123]   
DAX 30 4998 0.081 0.419 0.371 0.166 0.005 0.750 − 0.001 
Germany  [0.007] [0.000] [0.000] [0.000] [0.370]   
S&P TSX 4392 0.068 0.351 0.346 0.241 0.011 0.683 0.01 
Canada  [0.060] [0.000] [0.000] [0.000] [0.162]   
Hang Seng 4829 0.081 0.300 0.367 0.279 0.009 0.663 0.016 
China Hong Kong  [0.015] [0.000] [0.000] [0.000] [0.111]   
IBEX 35 4913 0.101 0.448 0.334 0.169 0.004 0.742 − 0.004 
Spain  [0.000] [0.000] [0.000] [0.000] [0.484]   
KOSPI 4822 0.092 0.433 0.332 0.201 − 0.004 0.798 − 0.002 
South Korea  [0.001] [0.000] [0.000] [0.000] [0.441]   
IPC Mexico 4938 0.171 0.335 0.314 0.256 0.008 0.548 0.002 
Mexico  [0.000] [0.000] [0.000] [0.000] [0.288]   
Nikkei 225 4754 0.132 0.465 0.283 0.188 0.004 0.668 − 0.007 
Japan  [0.000] [0.000] [0.000] [0.000] [0.538]   
S&P CNX Nifty 4841 0.118 0.411 0.327 0.209 0.000 0.695 − 0.009 
India  [0.002] [0.000] [0.000] [0.000] [0.943]   
S&P 500 5063 0.041 0.473 0.314 0.153 0.020 0.723 0.052 
United States  [0.206] [0.000] [0.000] [0.000] [0.005]   
SSEC 4719 0.089 0.502 0.247 0.199 0.008 0.724 0.004 
China  [0.021] [0.000] [0.000] [0.000] [0.229]   
Swiss Market Index 4941 0.092 0.467 0.366 0.115 0.006 0.767 0.003 
Switzerland  [0.000] [0.000] [0.000] [0.000] [0.235]   
FT Straits Times 1102 0.283 0.307 0.254 0.319 − 0.009 0.426 − 0.05 
Singapore  [0.004] [0.000] [0.000] [0.000] [0.434]   
Euro STOXX 50 5026 0.113 0.336 0.427 0.170 0.011 0.632 0.012 
Euro Area  [0.002] [0.000] [0.000] [0.000] [0.159]   

Notes: Columns 1–2 report equity index and observations, columns 3–9 display the parameter estimation, p-values (below the estimates), Adjusted R2, and the percent 
increase of R2 (∆R2), respectively. 
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in Table 3. Interestingly, we observe that the βVIX of S&P 500 (United 
States) is 0.665 and βVIX of SSEC (China) is 0.008. Furthermore, the 
results of p-values show VIX exhibits significantly influence for each 
equity index except SSEC. Comparing the magnitude of the R2 values of 
our benchmark model, FT Straits Times obtains the largest improve-
ment, with the increase of R2 (∆R2) value about 5.38%, the ∆R2 values of 
FTSE 100 and S&P 500 extends 3.26%. For remaining stock markets, 8 
stock markets yield ∆R2larger than 1% (AEX, All Ordinaries, CAC 40, 
DAX 30, FTSE MIB, Nikkei 225, Swiss Market Index and Euro STOXX 
50), 6 of them improve by larger than 0.2% (Hang Seng, S&P TSX, 
BOVESPA, IBEX 35, IPC Mexico and KOSPI), the ∆R2 value of S&P CNX 
Nifty is less than 0.1%, with the improvement of SSEC is negative. In 
short, these results indicate that the VIX can improve in-sample fit 
performance for major stock markets that we consider. 

Third, Table 4 shows estimate results of HAR-RV-EPU, we find that 
the magnitude of βEPU is between 0.2 for S&P 500 and − 0.009 for FT 
Straits Times, moreover, the coefficient estimates of βEPU are positive 
and significant for only 4 stock markets (All Ordinaries, BOVESPA, CAC 
40 and S&P 500), with the βEPU of 15 remaining indices are not signif-
icant. For considering ∆R2, we observe that the ∆R2 values of 8 stock 
markets are negative (CAC 40, FTSE MIB, DAX 30, IBEX 35, KOSPI, 
Nikkei 225, S&P CNX Nifty and FT Straits Times), while the improve-
ment of remaining 11 equity indices is positive, of which 9 of them 
showing improvements of lower than 0.1%. 

Finally, comparing the in-sample results of regression models, we 
observe that the ∆R2 value of HAR-RV-VIX is larger than HAR-RV-EPU 
model, implying that the VIX exhibits better interpretive ability for 
almost all stock markets (except SSEC) than EPU. Moreover, via in- 
sample analysis, the p-values of estimates indicate the βVIX and βEPU 
are significant for 18 and 4 equity indices respectively, indicating the 
VIX is more important than EPU for future RV. 

4.2. Out-of-sample results 

In this section, we employ three popular forecast evaluation ap-
proaches to assess the predictive ability of VIX and EPU for each stock 
market, moreover forecasts are obtained by rolling window method and 
ranges from December 1, 2019 to March 25, 2020. 

4.2.1. MCS test results 
Table 5 reports the MCS p-values of forecasting models for 19 stock 

markets that we consider, which are evaluated based on the range and 
semi-quadratic statistics. As described in Section 2.3.1, the larger MCS p- 
value, the more superior forecasting performance the model owns. 
There are several remarkable findings. First, the HAR-RV-VIX model 

Table 5 
Results of the MCS test.  

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel A: AEX 
HAR-RV 0.0230 0.0111 0.0210 0.0099 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0230 0.0125 0.0210 0.0127  

Panel B: All Ordinaries 
HAR-RV 0.1548 0.1548 0.1208 0.1208 
HAR-RV-VIX 0.0174 0.0149 0.0290 0.0256 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel C: BOVESPA 
HAR-RV 0.0058 0.0065 0.0134 0.0095 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0336 0.0336 0.0359 0.0359  

Panel D: CAC 40 
HAR-RV 0.0122 0.0081 0.0088 0.0044 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0122 0.0081 0.0088 0.0044  

Panel E: FTSE MIB 
HAR-RV 0.0088 0.0053 0.0077 0.0069 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0088 0.0053 0.0077 0.0069  

Panel F: FTSE 100 
HAR-RV 0.1266 0.1266 0.2775 0.2775 
HAR-RV-VIX 0.0189 0.0121 0.0221 0.0167 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel G: DAX 30 
HAR-RV 0.0075 0.0050 0.0053 0.0053 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0075 0.0050 0.0053 0.0053  

Panel H: S&P TSX 
HAR-RV 0.0152 0.0161 0.0107 0.0122 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0152 0.0161 0.0107 0.0122  

Panel I: Hang Seng 
HAR-RV 0.0146 0.0416 0.0434 0.0731 
HAR-RV-VIX 0.0146 0.0416 0.0434 0.0731 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel J: IBEX 35 
HAR-RV 0.0593 0.0720 0.0770 0.0770 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0532 0.0720 0.0518 0.0421  

Panel K: KOSPI 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.0206 0.0116 0.0278 0.0169 
HAR-RV-EPU 0.0993 0.0993 0.1550 0.1550  

Panel L: IPC Mexico 
HAR-RV 0.3653 0.3653 0.2867 0.2867 
HAR-RV-VIX 0.0066 0.0054 0.0197 0.0167 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel M: Nikkei 225 
HAR-RV 0.0026 0.0007 0.0109 0.0073 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0026 0.0013 0.0109 0.0073  

Panel N: S&P CNX Nifty 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.1527 0.1268 0.2219 0.2060 
HAR-RV-EPU 0.5176 0.5176 0.8366 0.8366  

Panel O: S&P 500 
HAR-RV 0.0272 0.0157 0.0716 0.0460 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0272 0.0171 0.0716 0.0460  

Panel P: SSEC 
HAR-RV 0.0849 0.0849 0.1336 0.1336 
HAR-RV-VIX 0.0063 0.0083 0.0045 0.0060 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000   

Table 5 (continued ) 

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel Q: Swiss Market Index 
HAR-RV 0.0845 0.0382 0.0919 0.0423 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0845 0.0727 0.0919 0.0827  

Panel R: FT Straits Times 
HAR-RV 0.2239 0.1289 0.2709 0.2124 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.2239 0.1015 0.2709 0.1698  

Panel S: Euro STOXX 50 
HAR-RV 0.0038 0.0024 0.0072 0.0060 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0038 0.0024 0.0072 0.0060 

Notes: This table shows MCS results, and the p-value is calculated according to 
the range and semi-quadratic (SeimQ) statistics. The p-value >0. 25 are indi-
cated in bold and p-value = 1 are indicated in bold and are underlined. For each 
equity index, forecasts range from December 1, 2019 to March 25, 2020. Panel 
A-S show 19 stock markets respectively. 
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Table 6 
Results of the out-of-sample R2.  

Equity index Country/Region Observations ROOS
2 (%) MSPE-Adj. p-value 

Panel A: HAR-RV-VIX model 
AEX The Netherlands 5021 0.6493 3.2810 0.0005 
All Ordinaries Australia 4975 − 0.4939 − 3.4629 0.9997 
BOVESPA Brazil 4853 0.3861 4.3145 0.0000 
CAC 40 France 5022 1.3234 4.2464 0.0000 
FTSE MIB Italy 2675 1.3608 4.6644 0.0000 
FTSE 100 United Kingdom 4998 − 2.0717 − 3.5346 0.9998 
DAX 30 Germany 4998 1.9008 4.6974 0.0000 
S&P TSX Canada 4392 1.2425 4.1212 0.0000 
Hang Seng China Hong Kong 4829 − 0.5093 − 1.2285 0.8904 
IBEX 35 Spain 4913 3.0327 2.2614 0.0119 
KOSPI South Korea 4822 − 1.0758 − 3.6138 0.9998 
IPC Mexico Mexico 4938 − 1.4267 − 3.6588 0.9999 
Nikkei 225 Japan 4754 0.6619 4.0165 0.0000 
S&P CNX Nifty India 4841 − 0.0818 − 1.9825 0.9763 
S&P 500 United States 5063 5.7365 3.0442 0.0012 
SSEC China 4719 − 0.2456 − 4.3178 1.0000 
Swiss Market Index Switzerland 4941 0.2175 2.2232 0.0131 
FT Straits Times Singapore 1102 0.4771 1.5678 0.0585 
Euro STOXX 50 Euro Area 5026 1.4361 4.1946 0.0000  

Panel B: HAR-RV-EPU model 
AEX The Netherlands 5021 0.0595 2.5006 0.0062 
All Ordinaries Australia 4975 0.0802 1.7709 0.0383 
BOVESPA Brazil 4853 0.1569 2.1467 0.0159 
CAC 40 France 5022 0.0624 2.8823 0.0020 
FTSE MIB Italy 2675 0.0707 2.6608 0.0039 
FTSE 100 United Kingdom 4998 0.0666 1.2367 0.1081 
DAX 30 Germany 4998 0.0699 2.5268 0.0058 
S&P TSX Canada 4392 0.0736 2.2895 0.0110 
Hang Seng China Hong Kong 4829 0.2159 2.6505 0.0040 
IBEX 35 Spain 4913 − 0.6678 − 1.6422 0.9497 
KOSPI South Korea 4822 − 0.0253 − 1.5701 0.9418 
IPC Mexico Mexico 4938 0.1349 1.2222 0.1108 
Nikkei 225 Japan 4754 0.0462 2.6690 0.0038 
S&P CNX Nifty India 4841 − 0.0001 − 0.2359 0.5933 
S&P 500 United States 5063 0.1620 0.9542 0.1700 
SSEC China 4719 0.1086 1.6075 0.0540 
Swiss Market Index Switzerland 4941 0.0387 2.0744 0.0190 
FT Straits Times Singapore 1102 − 0.0278 − 1.5101 0.9345 
Euro STOXX 50 Euro Area 5026 0.1174 2.3850 0.0085 

Notes: Columns 1–3 report equity index, country or region and observations, columns 4–6 display the ROOS
2 , MSPE-adjusted statistic and p-value, respectively. If the Roos

2 

is larger than zero, implying that corresponding model outperform the benchmark model. For each equity index, forecasts range from December 1, 2019 to March 25, 
2020. 
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Table 7 
Results of the DM test.  

Equity index Country/Region Observations DM1 p-value1 DM2 p-value2 

Panel A: HAR-RV-VIX model 
AEX The Netherlands 5021 3.1655 0.0008 3.2469 0.0006 
All Ordinaries Australia 4975 − 3.9315 1.0000 − 3.5296 0.9998 
BOVESPA Brazil 4853 4.5637 0.0000 4.3000 0.0000 
CAC 40 France 5022 3.8526 0.0001 4.2087 0.0000 
FTSE MIB Italy 2675 4.7750 0.0000 4.6374 0.0000 
FTSE 100 United Kingdom 4998 − 3.9643 1.0000 − 3.6529 0.9999 
DAX 30 Germany 4998 4.5354 0.0000 4.6727 0.0000 
S&P TSX Canada 4392 3.9869 0.0000 4.0897 0.0000 
Hang Seng China Hong Kong 4829 − 1.0181 0.8457 − 1.3000 0.9032 
IBEX 35 Spain 4913 2.3210 0.0101 2.1103 0.0174 
KOSPI South Korea 4822 − 3.8787 0.9999 − 3.6521 0.9999 
IPC Mexico Mexico 4938 − 4.1165 1.0000 − 3.7064 0.9999 
Nikkei 225 Japan 4754 4.7668 0.0000 3.9895 0.0000 
S&P CNX Nifty India 4841 − 2.3639 0.9910 − 2.0015 0.9773 
S&P 500 United States 5063 3.5836 0.0002 2.9201 0.0017 
SSEC China 4719 − 4.2628 1.0000 − 4.3269 1.0000 
Swiss Market Index Switzerland 4941 2.2585 0.0120 2.2000 0.0139 
FT Straits Times Singapore 1102 1.8208 0.0343 1.5061 0.0660 
Euro STOXX 50 Euro Area 5026 4.5543 0.0000 4.1510 0.0000  

Panel B: HAR-RV-EPU model 
AEX The Netherlands 5021 2.4072 0.0080 2.4928 0.0063 
All Ordinaries Australia 4975 1.5257 0.0635 1.7585 0.0393 
BOVESPA Brazil 4853 2.0307 0.0211 2.1294 0.0166 
CAC 40 France 5022 2.7520 0.0030 2.8749 0.0020 
FTSE MIB Italy 2675 2.6144 0.0045 2.6518 0.0040 
FTSE 100 United Kingdom 4998 1.7646 0.0388 1.2257 0.1101 
DAX 30 Germany 4998 2.5565 0.0053 2.5194 0.0059 
S&P TSX Canada 4392 2.3220 0.0101 2.2822 0.0112 
Hang Seng China Hong Kong 4829 3.2163 0.0006 2.6289 0.0043 
IBEX 35 Spain 4913 − 0.2378 0.5940 − 1.6782 0.9533 
KOSPI South Korea 4822 − 1.7944 0.9636 − 1.5757 0.9425 
IPC Mexico Mexico 4938 1.0195 0.1540 1.2065 0.1138 
Nikkei 225 Japan 4754 2.8600 0.0021 2.6632 0.0039 
S&P CNX Nifty India 4841 − 0.7277 0.7666 − 0.2375 0.5939 
S&P 500 United States 5063 1.4744 0.0702 0.9379 0.1742 
SSEC China 4719 1.7606 0.0391 1.5871 0.0562 
Swiss Market Index Switzerland 4941 2.1479 0.0159 2.0700 0.0192 
FT Straits Times Singapore 1102 − 1.5911 0.9442 − 1.5537 0.9399 
Euro STOXX 50 Euro Area 5026 2.7958 0.0026 2.3745 0.0088 

Notes: This table shows the DM test results, columns 1–3 report equity index, country or region and observations, columns 4–6 display the DM 1, p-value1, DM 2 and p- 
value2, respectively. DM 1(2) represents the DM statistics based on QLIKE (MSE) loss function. Positive (negative) values of the DM statistics indicate that the 
forecasting model outperforms (underperforms) the benchmark. For each equity index, forecasts range from December 1, 2019 to March 25, 2020. 
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yield the largest MCS p-values for 12 of 19 equity indices (AEX, 
BOVESPA, CAC 40, DAX 30, FTSE MIB, S&P TSX, IBEX 35, Nikkei 225, 
S&P 500, Swiss Market Index, FT Straits Times and Euro STOXX 50) 
under QLIKE and MSE loss functions, implying the VIX exhibits superior 
forecasting quality for these markets during coronavirus crisis period. 
Second, we notice that EPU can improve the forecasting accuracy for 5 
stock markets, showing that EPU index can improve predictive accuracy 
for All Ordinaries, FTSE 100, Hang Seng, IPC Mexico and SSEC. Finally, 
the HAR-RV model ranks at the top of the MCS for 2 remaining stock 
markets, indicating VIX and EPU index have no effect for predicting 
future RV for S&P CNX Nifty and KOSPI index. 

4.2.2. Out-of-sample R2 results 
The results are shown in Table 6. A positive (negative) ROOS

2 indicates 
the forecasts from extended models outperform (underperform) the 
benchmark model. We find several noteworthy results. First, in fact, the 
ROOS

2 values of HAR-RV-VIX are positive and significant for 12 of 19 
stock markets, implying the VIX index can improve the forecasting ac-
curacy. These equity indices are AEX, BOVESPA, CAC 40, DAX 30, FTSE 
MIB, S&P TSX, IBEX 35, Nikkei 225, S&P 500, Swiss Market Index, FT 
Straits Times and Euro STOXX 50. Second, we observe that the in All 
Ordinaries, FTSE 100, Hang Seng, IPC Mexico and SSEC, the ROOS

2 values 
of HAR-RV-EPU model are positive while HAR-RV-VIX model’s values 
are negative, suggesting EPU exhibits forecasting ability for these 5 
stock markets. Third, the ROOS

2 values of HAR-RV-VIX and HAR-RV-EPU 
model are negative for S&P CNX Nifty and KOSPI, indicating that VIX 
and EPU index lead to a worsening forecast performance. In short, the 
out-of-sample R2 results are consistent with MCS test. 

4.2.3. DM test results 
Table 7 denotes the results of DM test, as described in Section 2.3.2, 

the positive (negative) DM statistic indicates forecasting model exhibits 
superior (worsen) forecasting performance than benchmark model. The 
empirical results show VIX index contains superior predictive ability 
consistently for 12 of 19 stock markets, including AEX, BOVESPA, CAC 
40, DAX 30, FTSE MIB, S&P TSX, IBEX 35, Nikkei 225, S&P 500, Swiss 
Market Index, FT Straits Times and Euro STOXX 50. Moreover, HAR-RV- 
EPU model still outperforms other competing models for All Ordinaries, 
FTSE 100, Hang Seng, IPC Mexico and SSEC stock markets over the out- 
of-sample period. Similarly, VIX and EPU index exhibit weak forecasting 
performance for S&P CNX Nifty and KOSPI. The DM result is consistent 
with MCS and out-of-sample R2 test. 

4.3. Robustness checks 

4.3.1. Recursive window method 
In previous study we employ rolling window method to obtain 

Table 8 
Results of the MCS test based on recursive window.  

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel A: AEX 
HAR-RV 0.0236 0.0116 0.0225 0.0101 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0236 0.0134 0.0225 0.0125  

Panel B: All Ordinaries 
HAR-RV 0.1454 0.1454 0.1202 0.1202 
HAR-RV-VIX 0.0201 0.0181 0.0327 0.0279 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel C: BOVESPA 
HAR-RV 0.0054 0.0056 0.0147 0.0108 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0256 0.0256 0.0237 0.0237  

Panel D: CAC 40 
HAR-RV 0.0131 0.0083 0.0068 0.0044 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0131 0.0083 0.0068 0.0044  

Panel E: FTSE MIB 
HAR-RV 0.0055 0.0044 0.0061 0.0050 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0055 0.0044 0.0061 0.0050  

Panel F: FTSE 100 
HAR-RV 0.1154 0.1154 0.2506 0.2506 
HAR-RV-VIX 0.0181 0.0116 0.0234 0.0175 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel G: DAX 30 
HAR-RV 0.0072 0.0061 0.0063 0.0053 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0072 0.0061 0.0063 0.0053  

Panel H: S&P TSX 
HAR-RV 0.0141 0.0142 0.0105 0.0112 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0141 0.0142 0.0105 0.0112  

Panel I: Hang Seng 
HAR-RV 0.0148 0.0401 0.0413 0.0754 
HAR-RV-VIX 0.0148 0.0401 0.0413 0.0754 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel J: IBEX 35 
HAR-RV 0.0667 0.0784 0.0766 0.0766 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0600 0.0784 0.0524 0.0441  

Panel K: KOSPI 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.0226 0.0115 0.0358 0.0220 
HAR-RV-EPU 0.0942 0.0942 0.1364 0.1364  

Panel L: IPC Mexico 
HAR-RV 0.3014 0.3014 0.2563 0.2563 
HAR-RV-VIX 0.0061 0.0051 0.0182 0.0176 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel M: Nikkei 225 
HAR-RV 0.0024 0.0014 0.0137 0.0082 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0024 0.0015 0.0137 0.0082  

Panel N: S&P CNX Nifty 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.1420 0.0847 0.1981 0.1055 
HAR-RV-EPU 0.2123 0.2123 0.1981 0.1858  

Panel O: S&P 500 
HAR-RV 0.0285 0.0150 0.0671 0.0441 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0285 0.0161 0.0671 0.0441  

Panel P: SSEC 
HAR-RV 0.0798 0.0798 0.1332 0.1332 
HAR-RV-VIX 0.0069 0.0085 0.0046 0.0064 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000   

Table 8 (continued ) 

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel Q: Swiss Market Index 
HAR-RV 0.1010 0.0413 0.1133 0.0497 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.1010 0.0860 0.1133 0.1021  

Panel R: FT Straits Times 
HAR-RV 0.3032 0.1995 0.3347 0.3347 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.3032 0.1668 0.3314 0.2610  

Panel S: Euro STOXX 50 
HAR-RV 0.0045 0.0031 0.0066 0.0048 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0045 0.0031 0.0066 0.0048 

Notes: For each equity index, out-of-sample evaluation period ranges from 
December 1, 2019 to March 25, 2020. 
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forecasts for each stock markets, for convincing our results we use 
another forecasting window method, recursive window, to re-do the 
empirical analysis (Byun, Frijns, & Roh, 2018; Ma et al., 2018; Neely, 
Rapach, Tu, & Zhou, 2014). Table 8 reveals that the HAR-RV-VIX model 
yield the largest p-value of 1 for 12 stock markets including AEX, 
BOVESPA, CAC 40, DAX 30, FTSE MIB, S&P TSX, IBEX 35, Nikkei 225, 
S&P 500, Swiss Market Index, FT Straits Times and Euro STOXX 50, 
moreover HAR-RV-EPU model has a higher forecast accuracy for All 
Ordinaries, FTSE 100, Hang Seng, IPC Mexico and SSEC equity index 
while HAR-RV model exhibits powerful predictive ability than other 
competing models for S&P CNX Nifty and KOSPI index under QLIKE and 
MSE criteria. Therefore, our conclusions are robust to recursive 
window.7 

4.3.2. Alternative realized measures 
In this subsection, we employ alternative realized measures, the 

realized kernel (RK), to re-examine the forecasting ability of VIX and 
EPU index for 19 stock markets that we consider during the coronavirus 
crisis period. Barndorff-Nielsen, Hansen, Lunde, and Shephard (2008) 
propose RK and argue this realized measures are robust to microstruc-
ture noise, which is widely used for forecasting volatility (Liang et al., 
2020; Ma et al., 2018; Ma, Zhang, et al., 2019). The RK is also collected 
from Realized Library and can be evaluate as follow: 

RKt =
∑H

j=− h
k
(

j
j+ 1

)

γj, (11)  

γj =
∑n

i=|j|+1

rt,irt,i− |j|, (12)  

where k(x) represents the Parzen kernel function, and H is a bandwidth 
parameter (Barndorff-Nielsen, Hansen, Lunde, & Shephard, 2009). 

The MCS results for the 19 equity indices using RK are shown in 
Table 9. The results donate the HAR-RV-VIX model outperforms 
competing models for 12 of 19 stock markets including AEX, BOVESPA, 
CAC 40, DAX 30, FTSE MIB, S&P TSX, IBEX 35, Nikkei 225, S&P 500, 
Swiss Market Index, FT Straits Times and Euro STOXX 50, while the 
HAR-RV-EPU model exhibits superior predictive quality for 5 equity 
indices including All Ordinaries, FTSE 100, Hang Seng and IPC Mexico, 
moreover HAR-RV model shows the best prediction performance for 
S&P CNX Nifty and KOSPI index. Thus, these findings are extremely 
consistent with previous results. 

Table 9 
Results of the MCS test based on RK.  

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel A: AEX 
HAR-RV 0.0116 0.0067 0.0137 0.0068 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0116 0.0067 0.0137 0.0078  

Panel B: All Ordinaries 
HAR-RV 0.1258 0.1258 0.1120 0.1120 
HAR-RV-VIX 0.0252 0.0195 0.0370 0.0297 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel C: BOVESPA 
HAR-RV 0.0119 0.0183 0.0279 0.0394 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.3131 0.3131 0.4735 0.4735  

Panel D: CAC 40 
HAR-RV 0.0078 0.0053 0.0072 0.0046 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0078 0.0053 0.0072 0.0046  

Panel E: FTSE MIB 
HAR-RV 0.0063 0.0044 0.0052 0.0040 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0063 0.0044 0.0052 0.0040  

Panel F: FTSE 100 
HAR-RV 0.1401 0.3183 0.2644 0.4602 
HAR-RV-VIX 0.1401 0.3183 1.0000 1.0000 
HAR-RV-EPU 1.0000 1.0000 0.9836 0.9836  

Panel G: DAX 30 
HAR-RV 0.0080 0.0053 0.0048 0.0036 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0080 0.0053 0.0048 0.0036  

Panel H: S&P TSX 
HAR-RV 0.0218 0.0192 0.0354 0.0311 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0218 0.0192 0.0354 0.0311  

Panel I: Hang Seng 
HAR-RV 0.0170 0.0693 0.0339 0.1140 
HAR-RV-VIX 0.7207 0.7207 0.0339 0.1140 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel J: IBEX 35 
HAR-RV 0.5157 0.4569 0.9630 0.9630 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.5157 0.4569 0.1342 0.2939  

Panel K: KOSPI 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.0191 0.0093 0.0283 0.0162 
HAR-RV-EPU 0.0674 0.0674 0.1391 0.1391  

Panel L: IPC Mexico 
HAR-RV 0.6227 0.6227 0.5148 0.5148 
HAR-RV-VIX 0.0014 0.0015 0.0047 0.0043 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel M: Nikkei 225 
HAR-RV 0.0060 0.0024 0.0107 0.0073 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0060 0.0030 0.0107 0.0073  

Panel N: S&P CNX Nifty 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.0962 0.0529 0.1569 0.0815 
HAR-RV-EPU 0.1751 0.1751 0.1804 0.1804  

Panel O: S&P 500 
HAR-RV 0.0127 0.0063 0.0585 0.0414 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0127 0.0077 0.0585 0.0414  

Panel P: SSEC 
HAR-RV 0.0316 0.0316 0.0590 0.0590 
HAR-RV-VIX 0.0054 0.0036 0.0043 0.0024 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000   

Table 9 (continued ) 

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel Q: Swiss Market Index 
HAR-RV 0.0141 0.0090 0.0117 0.0074 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0141 0.0090 0.0117 0.0074  

Panel R: FT Straits Times 
HAR-RV 0.0080 0.0057 0.0102 0.0065 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0080 0.0031 0.0102 0.0041  

Panel S: Euro STOXX 50 
HAR-RV 0.0017 0.0013 0.0072 0.0045 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0017 0.0013 0.0072 0.0045 

Notes: For each equity index, forecasts range from December 1, 2019 to March 
25, 2020. 

7 Note that our our-of-sample R2 and DM test are consistent with MCS test. 
For brevity we do not report these results in robustness checks and further 
discussion, but they can be available in online appendix. 
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4.3.3. Sub-sample analysis 
In this subsection, we employ sub-sample to re-do out-of-sample 

results. Our full sample contains between 1102 (FT Straits Times) and 
5063 (S&P 500) trading days, we set sub-sample length as half of full 
sample for 19 stock markets, the MCS results are shown in Table 10. We 
find that VIX index contains more useful predictive content from HAR- 
RV-VIX model to 11 stock markets including AEX, BOVESPA, CAC 40, 
DAX 30, FTSE MIB, S&P TSX, Nikkei 225, S&P CNX Nifty, S&P 500, 
Swiss Market Index and Euro STOXX 50 during coronavirus crisis period, 
moreover EPU index is useful for forecasting future volatility on All 
Ordinaries, FTSE 100, Hang Seng, IPC Mexico, SSEC and FT Straits 
Times, while VIX and EPU index don’t work for forecasting future 
volatility in terms of IBEX 35 and KOSPI index. These results using sub- 
sample analysis are also consistent with our conclusions. 

5. Further discussions 

5.1. Kitchen sink and combination forecast 

From our empirical results, we find the VIX contains more useful 
predictive content than EPU index for most of equity indices that we 
consider. We further discuss the forecasting performance of VIX and EPU 
index when we consider kitchen sink model (KS) and combination 
forecast due to several reasons. First, considering the information flows 
and financial globalization, we introduce KS model that incorporate the 
VIX and EPU in the benchmark model (Peng et al., 2018). Second, many 
studies improve forecasting accuracy based on forecast combinations 
(Baumeister & Kilian, 2015; Liang et al., 2020; Zhang, Ma, Shi, & Huang, 
2018). In our study, we just consider mean combination forecast that is 
equal-weighted average of the forecasts from HAR-RV, HAR-RV-VIX and 
HAR-RV-EPU model. And the KS model can be written as: 

RVt+1 = β0 + βdRVt + βwRVWt + βmRVMt + βVIXVIXt + βEPUEPUt + εt+1,

(13) 

From MCS test shown in Table 11, we have several remarkably 
findings. First, HAR-RV-VIX model yield largest p-value of 1 for 9 stock 
markets including AEX, CAC 40, DAX 30, FTSE MIB, IBEX 35, Nikkei 
225, Swiss Market Index, FT Straits Times and Euro STOXX 50, while 
HAR-RV-EPU model ranks the top of MCS for 5 equity indices including 
All Ordinaries, FTSE 100, Hang Seng, IPC Mexico and SSEC, moreover 
HAR-RV outperforms competing models for KOSPI and S&P CNX Nifty 
index over out-of-sample period during coronavirus crisis. Second, in 
BOVESPA, S&P TSX and S&P 500 market, KS model owns the superior 
predictive ability. Finally, the mean combination forecast is not useful 
for forecasting future volatility for each stock. 

Table 10 
Sub-sample results of the MCS test.  

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel A: AEX 
HAR-RV 0.0227 0.0188 0.0189 0.0154 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0227 0.0188 0.0189 0.0154  

Panel B: All Ordinaries 
HAR-RV 0.9633 0.9647 0.8090 0.8573 
HAR-RV-VIX 1.0000 1.0000 0.8090 0.8573 
HAR-RV-EPU 0.9633 0.9647 1.0000 1.0000  

Panel C: BOVESPA 
HAR-RV 0.0106 0.0095 0.0183 0.0146 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0106 0.0095 0.0183 0.0146  

Panel D: CAC 40 
HAR-RV 0.0138 0.0122 0.0071 0.0062 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0138 0.0122 0.0071 0.0062  

Panel E: FTSE MIB 
HAR-RV 0.0067 0.0073 0.0076 0.0078 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0067 0.0073 0.0076 0.0078  

Panel F: FTSE 100 
HAR-RV 0.8695 0.8695 1.0000 1.0000 
HAR-RV-VIX 0.0255 0.0203 0.0347 0.0272 
HAR-RV-EPU 1.0000 1.0000 0.9615 0.9615  

Panel G: DAX 30 
HAR-RV 0.0078 0.0079 0.0049 0.0052 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0078 0.0079 0.0049 0.0052  

Panel H: S&P TSX 
HAR-RV 0.0163 0.0190 0.0144 0.0161 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0163 0.0190 0.0144 0.0161  

Panel I: Hang Seng 
HAR-RV 0.2537 0.3034 0.2949 0.2590 
HAR-RV-VIX 0.2537 0.3034 0.2949 0.2590 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel J: IBEX 35 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.8369 0.8969 0.3380 0.2159 
HAR-RV-EPU 0.8369 0.8969 0.3380 0.2532  

Panel K: KOSPI 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.0106 0.0115 0.0171 0.0169 
HAR-RV-EPU 0.1735 0.1735 0.1421 0.1421  

Panel L: IPC Mexico 
HAR-RV 1.0000 1.0000 0.7776 0.7776 
HAR-RV-VIX 0.2495 0.2128 0.2064 0.1824 
HAR-RV-EPU 0.9790 0.9790 1.0000 1.0000  

Panel M: Nikkei 225 
HAR-RV 0.8008 0.7759 0.7232 0.6820 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.8008 0.7759 0.7232 0.6820  

Panel N: S&P CNX Nifty 
HAR-RV 0.0097 0.0080 0.0046 0.0040 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0097 0.0080 0.0046 0.0040  

Panel O: S&P 500 
HAR-RV 0.0242 0.0251 0.0710 0.0643 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0242 0.0251 0.0710 0.0643  

Panel P: SSEC 
HAR-RV 0.8805 0.8805 1.0000 1.0000 
HAR-RV-VIX 0.0140 0.0127 0.0101 0.0082 
HAR-RV-EPU 1.0000 1.0000 0.9445 0.9445   

Table 10 (continued ) 

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel Q: Swiss Market Index 
HAR-RV 0.0362 0.0281 0.0332 0.0243 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0362 0.0281 0.0332 0.0243  

Panel R: FT Straits Times 
HAR-RV 0.7300 0.7300 0.6404 0.6404 
HAR-RV-VIX 0.6626 0.6093 0.5197 0.4527 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel S: Euro STOXX 50 
HAR-RV 0.0061 0.0042 0.0068 0.0061 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0061 0.0042 0.0068 0.0061 

Notes: For each equity index, out-of-sample evaluation period ranges from 
December 1, 2019 to March 25, 2020. 
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5.2. Before coronavirus crisis 

The previous forecasts of each index are obtained from rolling win-
dow method and range from December 1, 2019 to March 25, 2020. In 
this subsection, we further investigate the forecasting ability of VIX and 
EPU index before coronavirus crisis. For comparing the effect of VIX and 
EPU index, we set the same forecast window as the period of coronavirus 
crisis for each equity index. 

Table 12 displays the results of MCS test, we have some interesting 
findings. First, we obviously find that HAR-RV-VIX model can rank the 
top of MCS p-values for 14 of 19 equity indices including AEX, All Or-
dinaries, BOVESPA, CAC 40, FTSE 100, DAX 30, Hang Seng, IBEX 35, 
KOSPI, IPC Mexico, S&P CNX Nifty, S&P 500, Swiss Market Index, Euro 
STOXX 50, moreover EPU index can improve the accuracy of volatility 
forecasting for 2 of 19 indices including SSEC and FT Straits Times, 
while the VIX and EPU index don not contain predictive information for 

Table 11 
Results of the MCS test considering other forecasting models.  

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel A: AEX 
HAR-RV 0.0238 0.0129 0.0198 0.0115 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0299 0.0166 0.0273 0.0169 
KS 0.0874 0.0874 0.0899 0.0899 
Mean 0.0299 0.0179 0.0273 0.0181  

Panel B: All Ordinaries 
HAR-RV 0.1591 0.1591 0.1298 0.1298 
HAR-RV-VIX 0.0195 0.0109 0.0355 0.0221 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000 
KS 0.0195 0.0109 0.0355 0.0227 
Mean 0.0254 0.0151 0.0375 0.0276  

Panel C: BOVESPA 
HAR-RV 0.0083 0.0071 0.0129 0.0088 
HAR-RV-VIX 0.3873 0.3873 0.3401 0.3401 
HAR-RV-EPU 0.0469 0.0459 0.0550 0.0475 
KS 1.0000 1.0000 1.0000 1.0000 
Mean 0.0103 0.0215 0.0141 0.0220  

Panel D: CAC 40 
HAR-RV 0.0206 0.0144 0.0192 0.0100 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0206 0.0144 0.0203 0.0100 
KS 0.0628 0.0628 0.0843 0.0843 
Mean 0.0220 0.0165 0.0204 0.0134  

Panel E: FTSE MIB 
HAR-RV 0.0084 0.0035 0.0090 0.0066 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0084 0.0035 0.0090 0.0041 
KS 0.2597 0.2597 0.1763 0.1763 
Mean 0.0084 0.0053 0.0090 0.0041  

Panel F: FTSE 100 
HAR-RV 0.1299 0.1299 0.2724 0.2724 
HAR-RV-VIX 0.0173 0.0096 0.0230 0.0125 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000 
KS 0.0169 0.0085 0.0230 0.0127 
Mean 0.0196 0.0123 0.0259 0.0185  

Panel G: DAX 30 
HAR-RV 0.0085 0.0045 0.0069 0.0046 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0085 0.0045 0.0069 0.0028 
KS 0.3998 0.3998 0.4251 0.4251 
Mean 0.0086 0.0062 0.0069 0.0028  

Panel H: S&P TSX 
HAR-RV 0.0166 0.0146 0.0147 0.0115 
HAR-RV-VIX 0.9118 0.9118 0.8012 0.8012 
HAR-RV-EPU 0.0166 0.0101 0.0147 0.0087 
KS 1.0000 1.0000 1.0000 1.0000 
Mean 0.0166 0.0101 0.0147 0.0090  

Panel I: Hang Seng 
HAR-RV 0.0205 0.1159 0.0428 0.1350 
HAR-RV-VIX 0.0205 0.1159 0.0428 0.1350 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000 
KS 0.0205 0.0729 0.0428 0.0952 
Mean 0.1306 0.1306 0.0428 0.1350  

Panel J: IBEX 35 
HAR-RV 0.0754 0.0832 0.0804 0.0640 
HAR-RV-VIX 1.0000 1.0000 0.2999 0.2999 
HAR-RV-EPU 0.0301 0.0403 0.0249 0.0259 
KS 0.8965 0.8965 1.0000 1.0000 
Mean 0.0568 0.0575 0.0481 0.0514  

Panel K: KOSPI 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.0185 0.0109 0.0316 0.0175 
HAR-RV-EPU 0.1028 0.1028 0.1518 0.1518 
KS 0.0103 0.0062 0.0241 0.0127 
Mean 0.0185 0.0112 0.0316 0.0206   

Table 11 (continued ) 

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel L: IPC Mexico 
HAR-RV 0.3671 0.3671 0.2975 0.2975 
HAR-RV-VIX 0.0079 0.0036 0.0225 0.0143 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000 
KS 0.0076 0.0034 0.0225 0.0147 
Mean 0.0100 0.0073 0.0236 0.0186  

Panel M: Nikkei 225 
HAR-RV 0.0033 0.0030 0.0170 0.0091 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0052 0.0056 0.0175 0.0111 
KS 0.1714 0.1714 0.1486 0.1486 
Mean 0.0052 0.0091 0.0175 0.0185  

Panel N: S&P CNX Nifty 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.1863 0.1021 0.2295 0.1580 
HAR-RV-EPU 0.5217 0.5217 0.8343 0.8343 
KS 0.1863 0.0911 0.2137 0.1248 
Mean 0.1863 0.1322 0.2302 0.2114  

Panel O: S&P 500 
HAR-RV 0.0210 0.0159 0.0660 0.0413 
HAR-RV-VIX 0.9000 0.9000 0.6681 0.6681 
HAR-RV-EPU 0.0269 0.0198 0.0663 0.0447 
KS 1.0000 1.0000 1.0000 1.0000 
Mean 0.0272 0.0299 0.0663 0.0638  

Panel P: SSEC 
HAR-RV 0.0849 0.0849 0.1276 0.1276 
HAR-RV-VIX 0.0097 0.0117 0.0035 0.0057 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000 
KS 0.0097 0.0341 0.0035 0.0275 
Mean 0.0097 0.0341 0.0035 0.0275  

Panel Q: Swiss Market Index 
HAR-RV 0.0679 0.0677 0.0762 0.0880 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.1275 0.1099 0.1903 0.1431 
KS 0.1275 0.1099 0.1903 0.1431 
Mean 0.1275 0.1099 0.1482 0.1431  

Panel R: FT Straits Times 
HAR-RV 0.2570 0.1591 0.3969 0.2680 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.2201 0.1309 0.3335 0.2247 
KS 0.2993 0.2993 0.3969 0.2973 
Mean 0.2570 0.1941 0.3969 0.2973  

Panel S: Euro STOXX 50 
HAR-RV 0.2570 0.1591 0.3969 0.2680 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.2201 0.1309 0.3335 0.2247 
KS 0.2993 0.2993 0.3969 0.2973 
Mean 0.2570 0.1941 0.3969 0.2973 

Notes: For each equity index, out-of-sample evaluation period ranges from 
December 1, 2019 to March 25, 2020. 
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3 equity indices including FTSE MIB, S&P TSX and Nikkei 225. Second, 
for 9 equity indices including AEX, BOVESPA, CAC 40, DAX 30, IBEX 35, 
S&P 500, SSEC, Swiss Market Index and Euro STOXX 50, we find that the 
forecasting ability of VIX and EPU index is identical whether coronavi-
rus crisis breaks out or not. Third, what’s interesting is that the fore-
casting ability of EPU and VIX index has changed for 10 of 19 stock 
markets. More specifically, the predictive effect of VIX index is lost 
during the coronavirus pandemic for 7 of 19 equity indices including 
AORD, FTSE 100, Hang Seng, KOSPI, IPC Mexico and Nikkei 225. 
Moreover, for FTSE MIB, S&P TSX and Nikkei 225 index, the VIX and 
EPU index can not help to forecast before the coronavirus crisis, while 
the HAR-RV-VIX model outperforms the competing model during the 
coronavirus crisis. 

6. Conclusion 

The main purpose of our paper is to explore which predictors (VIX or 
EPU index) are useful to forecast volatility for 19 equity indices during 
coronavirus pandemic. We collect the data of realized measures from 
Realized Library and construct three forecasting models to forecast 
volatility during coronavirus crisis. There are serval crucial results that 
are interesting to highlight here. First, the in-sample results reveal ∆R2 

values of HAR-RV-VIX model are larger than HAR-RV-EPU model, 
implying that the VIX index exhibits strong explanatory ability for 
almost all stock markets (except SSEC) than EPU. Second, based on three 
popular forecast evaluation approaches, MCS test, out-of-sample R2 and 
DM test, we find HAR-RV-VIX model exhibits superior forecasting per-
formance for 12 stock markets while EPU index just can improve fore-
cast accuracy for 5 indices, implying that VIX index is more useful for 
future volatility during coronavirus crisis. Third, recursive window 
method, alternative realized measures and sub-sample analysis are used 
to confirm our conclusions. Finally, VIX index still contains the strongest 
predictive ability by considering kitchen sink model and mean combi-
nation forecast. Even before the coronavirus crisis, we get similar 
conclusion that VIX index is the most predictive for most of the stock 
market. Possible reason can be that, as is known to all, VIX is also 
regarded as the “panic index”, and it tends to rise before news is released 
(Shaikh, 2019), while the EPU is constructed from daily news, which 
makes VIX may contains more predictive information than EPU index. 
Therefore, it is maybe the potent characteristics within these two un-
certainty indexes that make VIX and EPU have different forecasting 
performances. 

And for investors and authorities of 8 equity indices (AEX, BOVESPA, 
CAC 40, DAX 30, IBEX 35, S&P 500, Swiss Market Index and Euro 
STOXX 50), VIX index is always more important, while VIX index is 
valuable for 4 stock markets during pandemic crisis or high volatility 
level, including FTSEMIB, S&P TSX, NIKKEI 225, FT Straits Times); 

Table 12 
Results of the MCS test before coronavirus.  

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel A: AEX 
HAR-RV 0.0241 0.0207 0.0416 0.0291 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0241 0.0207 0.0416 0.0291  

Panel B: All Ordinaries 
HAR-RV 0.0015 0.0011 0.0011 0.0007 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0015 0.0011 0.0011 0.0003  

Panel C: BOVESPA 
HAR-RV 0.6928 0.6579 0.9672 0.9586 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.7676 0.7676 0.9672 0.9586  

Panel D: CAC 40 
HAR-RV 0.0532 0.0462 0.0935 0.0799 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0532 0.0462 0.0935 0.0799  

Panel E: FTSE MIB 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.8247 0.8051 0.5331 0.4095 
HAR-RV-EPU 0.9783 0.9783 0.5331 0.4211  

Panel F: FTSE 100 
HAR-RV 0.0175 0.0150 0.0171 0.0151 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0175 0.0150 0.0171 0.0151  

Panel G: DAX 30 
HAR-RV 0.4159 0.3459 0.4681 0.3611 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.4159 0.3459 0.4681 0.3303  

Panel H: S&P TSX 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.0102 0.0088 0.0172 0.0168 
HAR-RV-EPU 0.1487 0.1487 0.1432 0.1432  

Panel I: Hang Seng 
HAR-RV 0.0939 0.0797 0.0477 0.0415 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0939 0.0797 0.0477 0.0415  

Panel J: IBEX 35 
HAR-RV 0.1697 0.1463 0.2437 0.2165 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.1697 0.1463 0.2437 0.2165  

Panel K: KOSPI 
HAR-RV 0.4555 0.4352 0.3997 0.3589 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.4555 0.4352 0.3997 0.3589  

Panel L: IPC Mexico 
HAR-RV 0.0054 0.0038 0.0083 0.0050 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0054 0.0038 0.0083 0.0050  

Panel M: Nikkei 225 
HAR-RV 1.0000 1.0000 1.0000 1.0000 
HAR-RV-VIX 0.1077 0.2553 0.0193 0.0581 
HAR-RV-EPU 0.1077 0.2553 0.0193 0.0581  

Panel N: S&P CNX Nifty 
HAR-RV 0.1635 0.1635 0.1187 0.1187 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.1206 0.1344 0.0953 0.1111  

Panel O: S&P 500 
HAR-RV 0.8411 0.7990 0.3665 0.3451 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.8411 0.7990 0.3665 0.3451  

Panel P: SSEC 
HAR-RV 0.4311 0.2972 0.3021 0.3109 
HAR-RV-VIX 0.4311 0.3873 0.5627 0.5627 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000   

Table 12 (continued ) 

Forecasting models QLIKE MSE 

Range SeimQ Range SeimQ 

Panel Q: Swiss Market Index 
HAR-RV 0.0023 0.0016 0.0042 0.0034 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.0023 0.0016 0.0042 0.0027  

Panel R: FT Straits Times 
HAR-RV 0.5591 0.5446 0.5267 0.4852 
HAR-RV-VIX 0.5591 0.5446 0.5267 0.4852 
HAR-RV-EPU 1.0000 1.0000 1.0000 1.0000  

Panel S: Euro STOXX 50 
HAR-RV 0.3299 0.2609 0.1629 0.1340 
HAR-RV-VIX 1.0000 1.0000 1.0000 1.0000 
HAR-RV-EPU 0.3299 0.2301 0.1629 0.1103 

Notes: In this table, we set the same forecast window as the period of coronavirus 
crisis for each equity index. 
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moreover, EPU index is consistently efficient for investors in China 
(SSEC) and can help to improve the accuracy for 4 stock markets 
including AORD, FTSE 100, Hang Seng and IPC Mexico during period of 
high fluctuation. Overall, our study can offer new insights into exploit-
ing the predictive ability of VIX and EPU index for international stock 
market during coronavirus pandemic. 
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