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Abstract 

This paper empirically examines the forecast power of the previous day’s US implied volatility for large declines of 
the Nikkei by using several versions of quantile regression models. All our empirical results suggest that the previous 
day’s US S&P 500 implied volatility has forecast power for large price drops of the Nikkei 225 in Japan. Since we 
repeatedly and carefully tested the several left tail risks in price changes of the Nikkei and we also tested by using 
some different versions of quantile regression models, our evidence of the predictive power of the S&P 500 implied 
volatility for downside risk of the Nikkei is very robust. 
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1. Introduction 

With globalization of world financial markets as a background, much attention is now being paid to investigations of 
stock market linkages by academics and practitioners. Globalization of financial markets has different implications 
for researchers. For example, it has been studied in the context of emerging financial markets and financial 
instruments (e.g., Riasi, 2015), interdependent financial markets (e.g., Fratzscher, 2002), and financial risk overflows 
(e.g., Zhu, 2014). However, we point out that many analyses have been conducted for overall market conditions, 
which include bull, bear, and normal market conditions (e.g., Diebold and Yilmaz, 2009; Baumöhl and Lyócsa, 2014). 
Differently from the previous studies, in this paper, we thus newly analyze the international stock market linkages by 
focusing on the downward market condition.  

From this new viewpoint, this paper empirically examines the forecast power of the previous day’s US S&P 500 
implied volatility for large declines of the Japanese Nikkei 225 stock price index by using several versions of 
quantile regression models. Our analyses using US and Japanese data supply the following interesting new evidence. 
First, (1) the estimation results of our simple univariate quantile regression model statistically significantly show that 
the movement of the previous day’s US implied volatility has forecast power for large Nikkei price declines in Japan. 
Second, (2) the estimation results of our autoregressive (AR)(3)-quantile regression model also statistically 
significantly suggest that the previous day’s US implied volatility has predictive power for large Nikkei declines. 
Finally, (3) the estimation results of our quantile regression model with additional control variables again statistically 
significantly evidence that the previous day’s US implied volatility has forecast power for large Nikkei price drops in 
Japan. These new findings from our new analyzing viewpoint are the contributions of this study. 

As regards the rest of this paper, Section 2 conducts literature review; Section 3 documents our data and variables we 
use in this study; Section 4 describes our testing methods; Section 5 provides our results of analyses; and Section 6 
presents our interpretations and conclusions. 

2. Literature Review 

This section concisely reviews only recent related studies. Recently, using the data of 32 worldwide emerging and 
frontier stock markets and the MSCI World stock market index, Baumöhl and Lyócsa (2014) examined the relations 
between their conditional volatilities and time-varying correlations. Changqing et al. (2015) attempted to measure 
financial market risk contagion using dynamic Markov Regime Switching Copula (MRS-Copula) models by 
focusing on Chinese and other international stock markets. Employing a Dynamic Conditional Correlation (DCC) 
model, Sriananthakumar and Narayan (2015) investigated stock market interdependencies between Sri Lanka and 
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USA, Singapore, Malaysia, Pakistan, India, and China.  

Further, applying a panel vector autoregressive model to 34 OECD country data, Pradhan et al. (2015) examined 
their cointegration relations and Granger causality nexuses with regard to economic growth, inflation, and stock 
market developments. Chuluun (2016) examined global portfolio investment networks and stock market 
comovements in 49 international countries using network analysis. Boubaker et al. (2016) attempted to assess the 
contagion between the US stock market and 10 selected developed and emerging equity markets by particularly 
focusing on the contagion risk that the subprime crisis caused. Moreover, Tsuji (2016) recently rigorously revealed 
the superior predict power of volatility forecasts from several generalized autoregressive conditional 
heteroskedasticity (GARCH) models in the US stock market (The journal’s web site supplies this paper for free.). 
However, as far as we know, there is no existing study that analyzed the predict power of US implied volatility for 
large Japanese stock market declines. 

 

-1,500

-1,000

-500

0

500

1,000

1,500

-20 

-10 

0 

10 

20 

04 05 06 07 08 09 10 11 12 13 14 15 16

S&P 500 implied volatility changes  (right scale)

Nikkei 225 price changes  (left scale)  

Figure 1. Time-series evolution of the daily changes in the S&P 500 implied volatility and the Nikkei 225 

 

3. Data and Variables 

This section describes data and variables for our study. First, DNK denotes the first difference of the Nikkei 225 
stock index price in Japan. Second, DSPX means the first difference of the S&P 500 implied volatility in the US. In 
addition, we use control variables DTERM and DEX in our tests. Specifically, DTERM denotes the first difference 
of the yield spread between the Japanese benchmark 10-year government bond yield and the three-month Japanese 
interbank offered rate; and DEX is the first difference of the Japanese yen exchange rate to the US dollar. 
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All samples are daily and the sample period we test in this study spans January 2, 2004 to September 5, 2016. All 
data used in this study are from Thomson Reuters. Figure 1 displays the time-series of DSPX and DNK for the above 
sample period. From this figure, we understand that the two series show similar movements for our sample period. 

 

Table 1. Forecast power of the US implied volatility for large Nikkei declines: Results of univariate quantile 
regressions 

Panel A. 6% left tail  Panel B. 5% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

−249.7521*** 

−48.4030*** 

0.0000 

0.0000 

Const. 

DSPX(−1) 

−272.5929*** 

−46.8985*** 

0.0000 

0.0000 

Adj.R2 0.094147 Adj.R2 0.092318 

Panel C. 4% left tail  Panel D. 3% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

−297.6566*** 

−47.7182*** 

0.0000 

0.0000 

Const. 

DSPX(−1) 

−350.2519*** 

−42.7658*** 

0.0000 

0.0000 

Adj.R2 0.08879 Adj.R2 0.082563 

Panel E. 2% left tail  Panel F. 1% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

−425.4153*** 

−46.9975*** 

0.0000 

0.0000 

Const. 

DSPX(−1) 

−511.7494*** 

−43.1272*** 

0.0000 

0.0000 

Adj.R2 0.079022 Adj.R2 0.069778 

Notes: DSPX(−1) denotes the first lag variable of the first difference of the S&P 500 implied volatility in the US. 
Adj.R2 means the adjusted R-squared value. *** denotes the statistical significance at the 1% level. 

 

4. Testing Methods 

This section explains the testing methods we employ in this study. We use three kinds of quantile regression models 
to test the predictability of the US implied volatility for large price declines in the Nikkei 225 in Japan. We 
emphasize that our multiple tests with below three models are effective for robustness checks.  

We begin by the following simple univariate quantile regression model (1): 

 
% % % %

0 1 1 ,j j j j
t t tDNK DSPX      

(1)

where %DNK j  means the j-percentile point of the distribution of the Nikkei 225 price changes and j takes one of the 
values of 6, 5, 4, 3, 2, and 1 in our analyses (hereinafter the same). Thus, all our model estimations test the forecast 
power of the US S&P 500 implied volatility for the downside tail risk in the Nikkei 225 in Japan.  

Our next model is the following AR(3)-quantile regression model (2): 

 3% % % % %
0 1 1 11

.j j j j j
t t k t k tk

DNK DSPX DNK     
     (2)

As shown, the above model includes three AR terms as control variables. 

Further, our third test is conducted by the following multiple quantile regression model (3): 

 
% % % %

0 1 1 2 1

% % %
3 1 4 1               .

j j j j
t t t

j j j
t t t

DNK DSPX DNK

DTERM DEX

  

  
 

 

  

  
 

(3)

This third model includes the first lags of DNK, DTERM, and DEX as control variables. 
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Table 2. Forecast power of the US implied volatility for large Nikkei declines: Results of AR(3)-quantile regressions 

Panel A. 6% left tail  Panel B. 5% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

DNK(−1) 

DNK(−2) 

DNK(−3) 

−250.3194*** 

−47.8477*** 

0.0747** 

0.1349*** 

0.1541*** 

0.0000 

0.0000 

0.0455 

0.0016 

0.0000 

Const. 

DSPX(−1) 

DNK(−1) 

DNK(−2) 

DNK(−3) 

−276.2992*** 

−51.0474*** 

0.0610 

0.1843*** 

0.1684*** 

0.0000 

0.0000 

0.1052 

0.0000 

0.0000 

Adj.R2 0.108571 Adj.R2 0.110616 

Panel C. 4% left tail  Panel D. 3% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

DNK(−1) 

DNK(−2) 

DNK(−3) 

−304.2882*** 

−48.1343*** 

0.0434 

0.1840*** 

0.1593*** 

0.0000 

0.0000 

0.3276 

0.0000 

0.0007 

Const. 

DSPX(−1) 

DNK(−1) 

DNK(−2) 

DNK(−3) 

−337.1443*** 

−49.1860*** 

0.0001 

0.1872*** 

0.1901*** 

0.0000 

0.0000 

0.9979 

0.0000 

0.0000 

Adj.R2 0.112307 Adj.R2 0.107849 

Panel E. 2% left tail Panel F. 1% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

DNK(−1) 

DNK(−2) 

DNK(−3) 

−401.9958*** 

−45.6727*** 

0.0344 

0.1448*** 

0.1240** 

0.0000 

0.0000 

0.2135 

0.0000 

0.0297 

Const. 

DSPX(−1) 

DNK(−1) 

DNK(−2) 

DNK(−3) 

−512.5970*** 

−45.8613*** 

0.0282 

0.0583 

0.0585 

0.0000 

0.0000 

0.8883 

0.2791 

0.7316 

Adj.R2 0.098527 Adj.R2 0.074453 

Notes: DSPX(−1) denotes the first lag variable of the first difference of the S&P 500 implied volatility in the US. 
DNK(−k) denotes the kth lag variable of the first difference of the Nikkei 225 stock index price in Japan. Adj.R2 
means the adjusted R-squared value. *** (**) denotes the statistical significance at the 1% (5%) level. 

 

5. Results of Analyses 

We first explain the estimation results of the simple univariate quantile regression model (1). Table 1 shows the 
results. All panels from A to F in Table 1 display that all coefficients of DSPX(−1) are statistically significant at the 
1% level with negative signs. Thus, the results indicate that the previous day’s US S&P 500 implied volatility has 
forecast power for large Nikkei price declines in Japan. 

We next document the estimation results of our second model, the AR(3)-quantile regression model (2). Table 2 
displays the results and all panels from A to F of Table 2 exhibit that again, all coefficients of DSPX(−1) are 
statistically significant at the 1% level with negative signs. Hence, the results in Table 2 also suggest that the 
previous day’s US S&P 500 implied volatility has predictive power for large drops in the Nikkei even if we include 
three AR variables in our testing model. 
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Table 3. Forecast power of the US implied volatility for large Nikkei declines: Results of quantile regressions with 
control variables 

Panel A. 6% left tail  Panel B. 5% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

DNK(−1) 

DTERM(−1) 

DEX(−1) 

−249.6399*** 

−48.7715*** 

−0.0364 

89.3092 

16.8357 

0.0000 

0.0000 

0.4812 

0.7351 

0.2805 

Const. 

DSPX(−1) 

DNK(−1) 

DTERM(−1) 

DEX(−1) 

−275.7074*** 

−48.4701*** 

−0.0391 

−54.7192 

26.2650* 

0.0000 

0.0000 

0.4780 

0.8591 

0.0608 

Adj.R2 0.094714 Adj.R2 0.093845 

Panel C. 4% left tail  Panel D. 3% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

DNK(−1) 

DTERM(−1) 

DEX(−1) 

−301.0762*** 

−47.2295*** 

−0.0130 

−90.1175 

29.7127* 

0.0000 

0.0000 

0.8117 

0.8748 

0.0907 

Const. 

DSPX(−1) 

DNK(−1) 

DTERM(−1) 

DEX(−1) 

−347.6548*** 

−45.6444*** 

0.0419 

−1066.5310 

29.6416 

0.0000 

0.0000 

0.6292 

0.1065 

0.1237 

Adj.R2 0.090959 Adj.R2 0.085221 

Panel E. 2% left tail Panel F. 1% left tail 

 Coefficient p-value  Coefficient p-value 

Const. 

DSPX(−1) 

DNK(−1) 

DTERM(−1) 

DEX(−1) 

−418.7015*** 

−44.4865*** 

0.0465 

−732.0405 

37.6263 

0.0000 

0.0000 

0.6112 

0.4721 

0.3054 

Const. 

DSPX(−1) 

DNK(−1) 

DTERM(−1) 

DEX(−1) 

−535.0660*** 

−37.6213*** 

0.0785*** 

−1407.2790** 

21.9822 

0.0000 

0.0000 

0.0086 

0.0300 

0.5373 

Adj.R2 0.081927 Adj.R2 0.078741 

Notes: DSPX(−1) denotes the first lag variable of the first difference of the S&P 500 implied volatility in the US. In 
addition, DNK(−k) denotes the kth lag variable of the first difference of the Nikkei 225 stock index price in Japan. 
Moreover, DTERM(−1) denotes the first lag variable of the first difference of the Japanese term spread and DEX(−1) 
represents the first lag variable of the first difference of the Japanese yen exchange rate to the US dollar. Further, 
Adj.R2 means the adjusted R-squared value. ***, **, and * denote the statistical significance at the 1%, 5%, and 10% 
levels, respectively. 

 

Finally, we explain the estimation results of our final quantile regression model (3), which includes the control 
variables of DNK(−1), DTERM(−1), and DEX(−1). Table 3 presents the results and again, all panels from A to F of 
Table 3 show that all coefficients of DSPX(−1) are statistically significant at the 1% level with negative signs. 
Therefore, the results in Table 3 again suggest that the previous day’s US implied volatility has forecast power for 
large Nikkei declines even though different control variables are included in our testing model. 

As above, we examined six left tail risks of one to six percent downside risks in the distribution of the Nikkei 225 
price changes by using three versions of quantile regression models (1) to (3). All results evidenced that the previous 
day’s US S&P 500 implied volatility has forecast power for large Nikkei price declines in Japan. 
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6. Interpretations and Conclusions 

This paper empirically examined the forecast power of the previous day’s US implied volatility for large Nikkei 
declines by using three kinds of quantile regression models. Our analyses using US and Japanese data revealed the 
following interesting new evidence. First, (1) the estimation results of our simple univariate quantile regression 
model statistically significantly revealed that the movement of the previous day’s US implied volatility has forecast 
power for large Nikkei price declines in Japan. Second, (2) the estimation results of our AR(3)-quantile regression 
model also statistically significantly clarified that the previous day’s US implied volatility has predictive power for 
large Nikkei declines. Finally, (3) the estimation results of our quantile regression model with additional control 
variables again statistically significantly evidenced that the previous day’s US implied volatility has forecast power 
for large Nikkei price drops in Japan. Differently from previous studies, these new findings from our new analyzing 
viewpoint—international stock market linkages by focusing on the downward equity market condition—are the most 
important contributions of this study. 

As we described above, all our results evidenced that the previous day’s US S&P 500 implied volatility has forecast 
power for large price declines of the Nikkei 225 in Japan. Since (1) we repeatedly tested several tail risks of one to 
six percent left tails in price changes of the Nikkei and (2) we also tested by using three different quantile regression 
models, it can be naturally emphasized that our results are empirically robust. 

In addition, our results can be interpreted that (1) downside risks in US and Japanese stock markets are 
interdependent (commove) and that (2) there are spillovers (overflows) of downside risks from the US stock market 
to the Japanese stock market. We emphasize that these are rather new and interesting viewpoints for analyzing and 
considering international stock market linkages. We note that the findings from this study are useful for future 
research. Advanced research based on the findings from this study is one of our future tasks. We also consider that 
the evidence derived from this study is also important for financial risk management and asset management in 
practice. For instance, practitioners like fund managers and corporate executives should engage in their asset 
management and financial risk management with the knowledge of the evidence from this study. 
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