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Abstract 

Our study aims to evaluate whether it is blessed to be the land of the rising sun in terms of forecasting 
stock volatility using the realized volatilities of related assets from other markets where the intraday 
data is available while the Tokyo Stock Exchange (TSE) is closed. Since markets generally do not 
trade during the overnight period, volatility cannot be estimated on a high frequency basis for the 
non-trading period. We use the heterogeneous autoregressive (HAR) model to identify an optimal 
way to include this additional information for 10 TSE listed stocks using rolling estimation criteria. 
To cater for the after hour global information, we use MSCI world real time index (MSCI), US 
Dollar Index (DXY), Dow Jones Industrial Average Index (DJI) and to account for the after hour 
neighbour-market information, we use MSCI Pacific index (MSCIPC), Hangseng Index (HIS) and 
Shanghai Composite Index (SSECI). The empirical analysis confirms the potential of using global 
and neighbour-market information in forecasting equity volatility of the TSE.  
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1. Introduction 

The ancient Japanese believed their land being located thousands of miles east of the Asian 
mainland to be the first land awakened by the rising sun. By conjoining this statement to the Tokyo 
stock exchange (TSE), which is the 4th largest stock exchange in the world in terms of the value of 
the shares traded; we rephrase this statement as, Japan has the first major stock market to be opened 
by the rising sun5. Our study evaluates the impact of after-hour information for the volatility of TSE 
traded equities and how the stock volatility can be forecasted using relevant information of assets 
traded in major markets such as the USA, London and major neighbour-markets while the TSE is 
closed. TSE is open between 9:00 a.m. and 3:00 p.m. local time and has a break for lunch, which 
lasts for 1.5 hours from mid-day.  

The existing literature highlights both the importance of non-trading hours and of prices 
evolving in different ways during trading and non-trading hours. Modelling US and European stock 
markets, Tsiakas (2008) documents that information accumulated overnight contains substantial 
predictive ability.6 Focusing on realized volatility, Martens (2002) models the dynamics of returns 
during non-trading hours differently from those during the trading hours. The simplest approach, 
which is widely used in the literature, is to ignore the overnight period where only the intraday 
squared returns are summed (Torben G. Andersen, Bollerslev, Diebold, & Ebens, 2001; Corsi, 
2008; Wang, Shieh, Havlin, & Stanley, 2009). However, Hansen and Lunde (2006) argue that such 
an estimator is not a proper proxy of the true volatility, because it does not span a full 24-hour 
period. Another solution is to calculate the overnight return by subtracting each day’s close value 
from the next day’s open, and to add this squared return as one equally-weighted factor in the sum 
of intraday returns (Blair, Poon, & Taylor, 2001; Martens, 2002). A third method is to calculate 
realized volatility by ignoring the overnight period, but then scale the resulting value upward so that 
the volatility estimate covers an entire 24-hour day (Koopman et al., 2005; Martens 2002). Fourth, 
Hansen and Lunde (2005) derive a weighting scheme for the overnight returns and the sum of 
intraday returns. In the absence of a consensus approach, our study focuses on improving the 
forecasting power using a well-specified realized volatility (RV) model named Heterogeneous 
Auto-Regressive Model (HAR) introduced by Corsi (2008) using information inherent in the price 
series of related assets.  

We present one-day-ahead forecasting analysis using HAR type models for realized 
variance with squared overnight return, and for the realized volatilities of related assets from other 
major markets such as; MSCI World real time index (MSCI), Dow Jones Industrial Average Index 
(DJI), US Dollar Index (DXY), and the realized volatilities of related assets from neighbour 
markets such as; MSCI Pacific Index (MSCIPC), Shanghai Composite Index (SSECI) and 
Hangseng Index (HSI) where the intraday data is available while the TSE is closed, as additional 
explanatory variables. It is evident that overnight price changes, together with the price series of 
other assets for which price data is available during the closed market time of the TSE, contain 
important information in predicting daytime volatility when the additional information is added to 
the model on a stand-alone basis to the HAR model.  

It is interesting to see how the non-trading gap of securities can be bridged by the after-hour 
information of a relevant security from another market. As our study comprises of various 
industries such as automobile, telecommunications, banking and manufacturing, the proxies we use 
in our study seem to be promising in capturing relevant information in the non-trading period of 
these assets by considering the global and neighbor market linkages of the TSE. We find that except 
                                                        
5 Tokyo Stock Exchange is the 4th largest stock exchange in terms of the value of the shares traded, followed by New York Stock 

Exchange (NYSE), NASDAQ and London Stock Exchanges (LSE). 
6 (Tseng, Lai, & Lin, 2012) demonstrate similar results for the Taiwanese stock exchange using a Heterogeneous Auto-Regressive Model 

(HAR) finding that when overnight returns are incorporated into the model, the forecasting performance of realized volatility 

significantly improves for both in-sample and out-of-sample forecasts.  
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TOYOTA, all other securities achieve best forecasting results with neighbor market or global 
market after hour information. It is evident that the securities of the banking and manufacturing 
industries tend to report a lower out-of-sample root mean square error (RMSE) with the DXY index, 
which accounts for the US dollar fluctuations. Furthermore, HONDA and NISSAN, which are 
leading automobile companies in Japan, report a lower RMSE with the DJI index. In addition, NTT 
Docomo is sensitive to the neighbor market (Hong Kong and China) information. Thus, it is evident 
that considering the linkages of worldwide equity markets, the after hour period of the TSE can be 
bridged by the realized volatilities of the other related assets. 

Our study contributes to the existing literature in the following ways: first, we consider 
different methods of accumulating additional information in order to enhance the forecasting ability 
of HAR volatility model types. Second, we investigate six distinct assets whose after-hour 
information is available when the TSE is closed, and is used to bridge the gap of non-trading period. 
The purpose of using different types of assets with different trading hours is to capture various sets 
of information in the non-trading period of the TSE. This way of treating overnight/non-trading 
period information is relatively new in the literature.  

The rest of the paper proceeds as follows: Section 2 explains the data used in this study. 
Section 3 illustrates the methodology behind the results of modelling and conditional volatility 
forecasting. Section 4 contains our empirical analysis and discusses the importance of the findings 
and Section 5 concludes our study. 

2. Data 

The data originates from the Thomson Reuters Tick History database provided by the Securities 
Industry Research Centre of Australia (Sirca), and covers the period 2 April 2007 – 30 April 2015, 
with a total of 2015 trading days. It consists of intraday observations measured at five-minute 
intervals7 of the spot prices of the top 10 companies listed in the TSE: Toyota, NTT Docomo, Soft 
Bank, Nippon Telegraph, Honda, Kddi Corp, SMFG, Nissan, Mizuho Financial, Denso Corp, as 
indicated in Table 28.  

Table 1: Summary statistics for realized volatility measures of each security  

Company name Industry 

Summary statistics for realized volatility 
Market 

cap 
×102 

Mean 

×103 

SD 

Kurtosis Skewness  

Toyota Motor Automobile 233.10 0.03 0.16 4.42 1.31 5888.62 
NTT Docomo 
INC 

Wireless Telecom 
Services 

79.35 0.10 0.84 32.56 4.07 2598.22 

Soft Bank Corp Wireless Telecom 
Services 

69.23 0.08 9.00 1944.59 44.07 404.04 

Nippon Telegraph Diversified Telecom 68.99 0.03 0.22 13.78 3.02 3372.22 
Honda Motor Co Automobile 61.66 0.05 0.67 36.53 4.79 5384.90 
Kddi Corp Wireless Telecom 

Services 
60.73 0.01 0.17 28.22 4.66 5542.60 

SMFG Banks 52.68 0.17 1.66 6.70 2.17 3842.58 
Nissan Motor Co Automobile  44.99 0.02 0.20 32.34 4.38 4892.81 
Mizuho Financial Banks 43.78 0.02 0.22 26.32 4.17 4632.17 
Denso Corp Manufacturing 41.36 0.02 0.22 16.82 3.56 5371.74 

Notes:  The realized volatilities are calculated as per Eq. [2]. The critical value of the test statistic for  is 18.307. 

                                                        
7 The five-minute frequency provides a reasonable choice, as Bollerslev et al. (2009) note that for highly liquid assets it provides a 
balance between frequent sampling and market structure noise. 
8 Campbell et al. (2001) suggest that there are several motives for studying the volatilities of individual stocks rather than only market 
indices. For instance, many investors have large holdings of individual stocks, which have not been diversified and therefore are subject 
to idiosyncratic volatility. 
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Each trading day has six hours of trading at the TSE, spanning from 09:00 a.m. to 03:00 
p.m. (00:00 to 06:00 GMT)9. In order to measure the information flow during the overnight period 
of the TSE, we propose six distinct proxies: the MSCI World real time index (MSCI), Dow Jones 
Industrial Average Index (DJI), US Dollar Index (HSX), and the realized volatilities of related 
assets from neighbour markets such as; MSCI Pacific Index (MSCIPC), Shanghai Composite Index 
(SSECI) and Hangseng Index (HSI) for which the first four indices capture a significant portion of 
non-trading hours of the TSE while the SSECI and HSI capture two hours of the same-day non-
trading period of the TSE as represented Figure 110.  

Figure 1: Trading hours of related assets from other markets presented in a GMT time scale 

TSE    00:00-------------06:00  

MSCI    00:00-------------06:00-----------------------------------------------------------20:30 
DXY    00:00-------------06:00-----------------------------------------------------------------23:55 
DJI                                                             12:00-----------------------------------20:20 
MSCIPC    00:00-------------06:00----------09:30 
HSI         02:00---------06:00------08:00 
SSECI         02:00---------06:00---07:30 

According to Figure 1, the DXY, the MSCI world real time index and the DJI cover the 
maximum amount of the TSE non-trading period, with 18, 14.5 and 6 hours, respectively11. Apart 
from covering a significant portion of the TSE non-trading period, the MSCI world real time index, 
comprises various sectors, which might have an influence of the securities used in our study. The 
Dow Jones Industrial Average is made up of 30 large publicly owned American companies, which 
play a key role in the American economy. Therefore, due to the global integration of financial 
markets, DJI is assumed to have an impact on the Tokyo stock market, which motivates us to use. 
The US Dollar Index is an index, that measures the value of the United States dollar relative to 
a basket of foreign currencies, (often referred to as a basket of US trade partners' currencies), which 
has a 13.6% weight on the Japanese Yen. This index covers 18 hours of the TSE non-trading period. 
In addition to the global market information, we also consider leading equity indices from neighbor 
markets MSCI Pacific Index, HSI and SSECI indices. Although they only contribute 3.30, 2 hours 
of the non-trading period of the TSE, we believe that neighbor markets such as Hong Kong and 
China have an impact on the TSE trading. 

3. Methodology 

3.1. Realized Volatility Measures 

The first wave of volatility applications on finance papers arises with the introduction of calculation 
method of Realized Volatility (RV) by Andersen and Bollerslev (1998). Following their 
methodology, we divide the total day trading in to  parts, and  is the  
closing price of each of the  5 minute intervals on a given trading day   

The  log return ( of within the trading day  can be calculated as; 

   [1] 

                                                        
9 The sample period is restricted by the data availability of the real time MSCI World Index for which the data can only be downloaded 
after 4th March 2007. 
10 Furthermore, to avoid additional volatility emerging from the foreign exchange markets we do not incorporate the foreign exchange 
rate effects in our proxy calculations. 
11 The top 5 sector weightings of the MSCI World real time index are: 20.91% for financials, 13.38% for information technology, 12.68% 
for health care, 12.41% for consumer discretionary and 10.94% for industrials. Refer to 
http://www.msci.com/resources/factsheets/index_fact_sheet/msci-world-index.pdf. 

------ TSE trading period   
------ TSE non-trading period             
           

https://en.wikipedia.org/wiki/Index_number
https://en.wikipedia.org/wiki/United_States_dollar
https://en.wikipedia.org/wiki/Market_basket
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therefore the RV on trading day   can be written as; 

               [2] 

3.2. Heterogeneous Autoregressive Realized Volatility (HAR) Model  

Corsi (2008) points out that the different participants are likely to settle for different prices, and that 
they decide to execute their transactions in different market situations: hence, they create volatility. 
He categorizes the market volatility into the short term, medium term and long term, where the 
short term refers to the volatility brought by the short term investors daily or more frequent trading; 
the medium term volatility refers to weekly investors and the long term refers to monthly trading or 
trading every several months. Based on this phenomena Corsi (2008) set up a volatility forecasting 
model addressing the long memory character of market volatility, Heterogeneous Autoregressive 
Realized Volatility (HAR) model to capture long memory behavior of volatility in a simple and 
parsimonious way. It is defined as; 

     [3] 

where  and 
represent the normalized sums of past day, past week and past month realized 

volatilities respectively. 

3.3. Model Specification 

Next, we investigate how the additional information enhances the forecasting ability by 
incorporating this information on a stand-alone basis (Todorova & Souček, 2014; Tseng et al., 
2012). We add both overnight and proxy information to the computed realized volatility on a stand-
alone basis to the HAR model, where we name them Model 1 through to Model 8. 

These models can be summarized as; 

 HAR- model types [1]-[8] 
Model 1:   
Model 2:  
 Model 3:    
 Model 4:  
 Model 5:  
 Model 6:  
 Model 7:  
 Model 8:  

Model 1 is the plain HAR model with no overnight or proxy information, and is used as the 
benchmark of this study. Model 2 uses the open market realized volatility with the overnight returns 
added on a stand-alone basis. Models 3, 4, 5,6,7 and 8 use the realized volatility with MSCI, 
MSCIPC, DJI, DXY, HSI and SSECI index proxies, respectively12. 

 

                                                        
12  Adding information on a stand-alone basis is motivated by Todorova & Souček (2014), Betram (2004) and Ahoniemi (2013) due to 

the different nature of intraday volatility process and overnight jump process. However, the inclusion of this additional terms deviates 

from the parsimonious structure of the model and might induce distortion effects in parameter estimation and forecasting performance in 

the proceeding analysis. 
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4.  Results & Findings 

Next, we turn our attention to the relevance of after-hour information for volatility forecasting. We 
divide the data into two samples: in-sample period and out-of-sample period, which runs from 3 
April 2010 until 30 April 2015. The one-day-ahead forecasts are calculated with a rolling window 
method, removing the furthest observation and adding the most recent observation to the data 
sample each day, and updating the parameter values by taking the window size of 1000 days. To 
identify the best specification of overnight returns for forecasting future volatility, we construct 
above 8 HAR types of models to forecast one-day-ahead volatility in stock and index returns. The 
proxy estimator constructed from the realized volatilities of related assets from other markets is 
assessed and compared with the plain HAR model with no additional information (Model 1).  

Table 2: One-day-ahead forecast evaluation estimates 
Model Out of sample 

RMSE 
Adjusted R 
square (%) 

In sample 
RMSE 

Mean 
Absolut
e Error 

Out of sample 
RMSE 

Adjust
ed R 

square 
(%) 

In sample 
RMSE 

Mean Absolute 
Error 

TOYOTA NTT 
Model 1 0.272 22.04 0.295 0.111 0.181 30.07 0.216 0.082 
Model 2 0.226 22.11 0.294 0.112 0.737 30.36 0.214 0.084 
Model 3 0.272 22.04 0.290 0.113 0.181 30.07 0.214 0.081 
Model 4 0.270 23.95 0.283 0.112 0.181 30.46 0.214 0.083 
Model 5 0.271 26.85 0.291 0.112 0.180 31.01 0.214 0.081 
Model 6 0.275 22.16 0.294 0.111 0.182 30.11 0.294 0.083 
Model 7 0.271 22.71 0.293 0.112 0.180 30.71 0.293 0.082 
Model 8 0.274 22.13 0.294 0.111 0.180 30.09 0.294 0.083 

 SOFTBANK NIPPON TEL 
Model 1 0.310 33.68 0.387 0.171 0.265 17.42 0.274 0.089 
Model 2 0.378 34.03 0.385 0.173 0.2 78 17.48 0.273 0.090 
Model 3 0.308 33.68 0.379 0.176 0.262 17.42 0.271 0.090 
Model 4 0.322 35.21 0.370 0.177 0.260 18.29 0.271 0.091 
Model 5 0.306 36.95 0.378 0.174 0.262 18.76 0.270 0.089 
Model 6 0.311 33.94 0.386 0.171 0.263 17.66 0.273 0.089 
Model 7 0.308 35.80 0.377 0.177 0.262 18.26 0.272 0.090 
Model 8 0.308 33.67 0.387 0.171 0.268 17.53 0.273 0.089 

 HONDA KDDI 
Model 1 0.219 23.97 0.342 0.138 0.293 26.97 0.280 0.123 
Model 2 0.240 24.15 0.341 0.139 0.665 27.17 0.279 0.124 
Model 3 0.219 23.97 0.336 0.141 0.290 26.97 0.278 0.123 
Model 4 0.221 25.52 0.336 0.138 0.288 27.65 0.278 0.123 
Model 5 0.216 25.36 0.334 0.143 0.290 27.42 0.278 0.123 
Model 6 0.222 24.07 0.341 0.139 0.292 26.92 0.279 0.139 
Model 7 0.217 25.23 0.337 0.139 0.289 27.55 0.278 0.139 
Model 8 0.224 24.09 0.341 0.138 0.290 27.04 0.279 0.138 

 SMFG NISSAN 
Model 1 0.433 14.12 0.551 0.186 0.243 28.82 0.325 0.140 
Model 2 0.443 14.19 0.550 0.186 0.262 28.96 0.324 0.140 
Model 3 0.430 14.12 0.547 0.190 0.242 28.82 0.313 0.139 
Model 4 0.430 14.83 0.535 0.195 0.244 31.98 0.293 0.142 
Model 5 0.431 17.74 0.546 0.190 0.238 36.80 0.317 0.137 
Model 6 0.429 14.25 0.550 0.187 0.263 14.25 0.322 0.140 
Model 7 0.430 19.34 0.525 0.190 0.243 19.34 0.323 0.140 
Model 8 0.436 14.23 0.550 0.187 0.245 14.23 0.324 0.140 

 MIZUH DENSO 
Model 1 0.958 15.11 0.958 0.592 0.524 4.71 0.510 0.172 
Model 2 0.987 15.25 0.950 0.593 0.558 4.80 0.509 0.173 
Model 3 1.004 15.11 0.956 0.588 0.514 4.71 0.510 0.172 
Model 4 0.974 15.12 0.956 0.588 0.514 4.50 0.509 0.171 
Model 5 1.050 15.11 0.955 0.588 0.516 4.55 0.510 0.172 
Model 6 0.930 16.25 0.322 0.590 0.514 4.59 0.509 0.171 
Model 7 0.987 15.10 0.323 0.590 0.514 4.49 0.510 0.172 
Model 8 0.995 15.07 0.324 0.589 0.514 4.49 0.510 0.172 

Notes: The values are RMSEs and Mean Absolute Errors are multiplied by 103 for clarity. The best estimate under each evaluation 
criterion is in boldface. Model 1 is the plain HAR model without any overnight components. Model 2–Model 8 represents the models with 
additional information; overnight, MSCI world real time index, MSCIPC index, DJI, DXY, HSI and SSECI index information added to the 
RV added on a stand-alone basis.  

The results are reported in Table 2 and the best results obtained per asset and evaluation 
criterion are printed in bold. To evaluate the predictive performance of the various specifications we 
compute the  statistic from the Mincer-Zarnowitz regressions of observed realized volatility on 
the corresponding one-day ahead forecasts. In addition to the statistic, we also report the mean 
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error (ME), the mean absolute error (MAE) and the out-of-sample and in-sample root mean square 
error (RMSE)13.  

Table 3: Different contributions of realized volatilities of related assets from other markets 
Company 

Name 
Industry Overnight 

(Model 2) 

 NEIGHBOR COUNTRIES REST OF THE WORLD 

MSCI 
Pacific 
Index 

(Model 4) 

HSI 

(Model7) 

SSECI 

(Model 
8) 

MSCI 
World 

real time 
Index 

(Model 3) 

DXY 

(Model 
6) 

DJI 

(Model 
5) 

TOYOTA Automobile ✓       
NTT Wireless Telecom 

Services 
  ✓ ✓   ✓ 

SOFTBANK Wireless Telecom 
Services 

      ✓ 

NIPPON 
TEL 

Diversified Telecom  ✓      

HONDA Automobile       ✓ 

KDDI Wireless Telecom 
Services 

 ✓      

SMFG Banks      ✓  

NISSAN Automobile        ✓ 
MIZUH Banks      ✓  
DENSO Manufacturing  ✓ ✓ ✓ ✓ ✓  

Notes:  ✓ represents the lowest out of sample RMSE obtained for the individual asset.

                                                        
13 Corsi et al. (2008) indicate that RMSE may be of particular interest for risk management purposes since it assigns more weight to 

larger forecast deviations. 
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Table 3 illustrates the summary of major findings of our study. First, there is no model that 
consistently outperforms all others. However, except in the case of TOYOTA, all the other assets 
report best out-of-sample RMSE estimates when we consider the overnight information separately 
from the realized volatility based on intraday data from the open market time. Interestingly, 
TOYOTA reports the highest  using solely the realized volatility of the DJI. Thus, it can be said 
that the US equity market undeniably affects TOYOTA’s daytime volatility. The second highest  
for TOYOTA is reported for model 4, which accounts for the markets in the pacific region. Thus we 
can also say the said asset is also driven by the neighbour market’s information. NTT Docomo which 
is in to Wireless Telecom Services and DENSO which is into manufacturing industry reports lower 
out of sample RMSE estimates for models 5,7 and 8 which accounts for the DJI, HIS and SSECI 
information respectively. Hence, it is also evident that both global markets and neighbor market 
information have an impact on the daytime volatilities of NTT Docomo and DENSO asset groups. 
Similarly for all the asset groups we can see the best estimates are achieved when the realized 
volatilities of another market is included to the plain HAR model. To sum up, it appears that 
including information of the other markets when the TSE is closed enhances the explanatory power 
of forecasts by 36.92%, 27.24% and 21.82% for the SMFG, NISSAN, and TOYOTA respectively 
and for the rest of the assets up to 5.6%. 

5. Conclusions 

The overnight period of a particular stock market is becoming utmost important due to the integration 
of global financial markets. However no consensus approach has yet emerged to address this critical 
issue. In this backlight this study aims to evaluate new techniques to address this gap by introducing 
HAR-type volatility models. When treating for the overnight/non-trading period issue most studies 
use the squared return of the next day open to the previous day’s close price. We augment HAR 
models for daily volatility by including six measures of after-hour information of global markets and 
neighbor markets of the TSE: the MSCI world real time Index, the DJI, the DXY Index, the MSCI 
Pacific Index, HSI Index and SSECI index. The latter three contributes to the after-hour realized 
volatility formation of the neighbor markets of the TSE. By examining the 10 most liquid stocks in 
the TSE, the results conclusively show that considering the overnight returns separately from the 
open market realized volatility consistently contributes to enhancing the forecasting accuracy and 
predictive power of rolling one-day-ahead forecasts. Using the above-mentioned proxies for this 
purpose works well for 9 out of the 10 stocks under consideration.  

Our research is important to academics, policymakers, and financial markets participants for 
several reasons. First, prediction of financial market volatility is an important economic activity 
because it quantifies the risk exposure in investments. Secondly, a volatile stock market is a serious 
concern for the policymakers, as instability of the stocks creates uncertainty and thus adversely 
affects growth prospects for the issued company. Consequently, our study can be helpful for 
formulating new economic policies and forming new rules and regulations related to the TSE 
considering its non-trading period/overnight and the global integration of other worldwide equity 
markets. 
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