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Abstract 

Using data from July 1997 to July 2007, we examine if the FTSE index is affected by the past behavior of the DOW, 
DAX, NIKKEI, Hang Seng and Shanghai indices. We compare three different methods of estimating regression 
parameters. The results show that the FTSE lagged variable and the NIKKEI and DOW past performance are good 
indicators of the future performance of the FTSE. The models produce different predictive values but the effect of 
the variables is the same when examining the direction of the coefficients. Both the Newey-West OLS and GARCH 
models are better predictive models than the OLS with a standard error. The predictive power of the model increases 
as a result of allowing time varying variances. 
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1. Introduction 

As world economies become more integrated, co-movements among international equity markets have become more 
evident (Chong, Wong and Yan; 2008). There are a number of reasons to expect integration. Examples often cited 
include the availability of information, round-the-clock trading and financial innovations. Tsouma (2007) show that 
the number of stock exchanges has increased and that established exchanges have expanded their activities. A 
substantial number of articles have addressed the issue of co-movements and spill-over effects but the results are not 
always consistent, especially over long-time periods and across different stock markets. Relying on the 
chronological order of trading and a careful definition of daytime and overnight returns, most studies confirm the 
existence of some form of co-movement, spill-over effect and, therefore, interdependence among leading global 
stock markets. The magnitude of the effects and the time period over which these effects exist are inconsistent (Baur 
and Jung, 2006). While research continues on the many aspects of co-movements and spill-over effects, there are 
three conclusions that researchers agree upon. First, existing research shows that some, but not all, stock markets are 
interdependent. Second, long-term relationships are for the most part non-existent (e.g. Fernandez-Serrano and 
Sosvilla-Rivero, 2001). Third, small changes in indices in the US, UK, Germany and Japan do not affect other 
indices (Hirayama and Tsutsui, 1998). There are also a number of trends in existing research. We observe that 
stock-market integration is progressive (Morana and Beltratti, 2008) and that a consistent theme is that the DOW is 
a good predictor of global indices but other global indices are not good predictors of the DOW (Note 1, 2). The 
exception to the general rule is the NIKKEI index, which we will discuss shortly.  

In analyzing studies prior to 2000, a common methodological theme is the analysis of announcement effects in 
relationship to co-movements and spillover effects. A number of studies have analyzed how opening and closing 
prices are related (Note 3). Past studies have also examined the linkage between international indices, mostly 
focusing on the DOW in relationship to other global indices. A common finding in these studies is that US stock 
markets have a significant impact on Japanese equities. In one of the earlier studies; Becker, Finnerty and Gupta 
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(1990) found that S&P 500 one-day returns explained 7% to 25% of the fluctuations of the NIKKEI next day returns 
demonstrating that the US market greatly influences Japan. They were also able to show that up to 18% of the 
fluctuations in the overnight NIKKEI returns were attributable to the past performance of the US market. Evidence 
also suggests that the NIKKEI affects returns in some markets but not others. Using an impulse response functions, 
Chowdhury (1994) found that the response of the Hong Kong and Singapore stock markets to a shock in either the 
Japanese or US stock markets were absorbed within two days. Chong, Wong and Yan (2008) found that studies 
using recent data reveal additional evidence of transmission from the US to the Japanese markets. Using Japan as 
the core country of their analysis, they concluded that the Japanese stock market has a lead-lag relationship to other 
stock markets. In examining the synchronization of stock price movements, they found various lead-lag effects from 
the open-to-close return of stocks in Toronto, Paris, Frankfurt, London, Milan and New York Stock Exchange 
compared to the Japanese equity market. Chong et al (2008) also found that the NIKKEI index is well predicted by 
the movement of the FTSE Index. Regardless of the trigger level, the results revealed that the next day market 
performance in Japan can be predicted using signals from other markets. Focusing on markets other than Japan, 
Arshanapalli and Doukas (1993) found that the French, German and UK markets were not significantly related to 
the US markets prior to the stock market crash of 1987. Post-1987 results showed that these markets co-integrated 
significantly with the US stock market. Focusing on short-term information transmission, Baur and Jung (2006) 
analyzed correlation and spillover effects between the DOW and the DAX. They found that foreign daytime returns 
can influence overnight domestic returns. The effect was more pronounced in Germany. Johansson and Ljungvall 
(2009) showed spillover effects among the Chinese, Hong Kong and Taiwanese stock markets although there were 
no clear long-term interdependencies. Interestingly, the Taiwanese and Hong Kong markets influence the mainland 
Chinese markets but the Chinese market does not influence the other two markets. We conclude that existing 
research shows that markets are integrated but that level of integration requires further study.  

There are at least four important reasons why the examination of market integration is important. First, international 
portfolio diversification depend on less than perfect co-movements and spill-over effects. Second, progressive 
integration implies increased market volatility. Third, a shock in one market is likely to have a pronounced effect in 
other markets suggesting that different hedging behaviors are needed. Fourth, market shocks are likely to have a 
larger global effect than previously. In this study, we examine the effect of the lagged indices of DOW, DAX, 
NIKKEI, Shanghai, HangSeng on the lagged FTSE index. To deal with some methodological issues encountered in 
many studies, we also examine three different methods of estimating regression parameters: (1) the OLS model with 
the standard error; (2) the OLS model with the Newey-West standard error, and (3) the GARCH model. Below, we 
discuss the models followed by a discussion about their application. 

Many studies use OLS although it is well known that it yields inconsistent estimates if used in combination with 
lagged variables and correlated errors (Stocker, 2006). In addition, a standard OLS model has several assumptions 
that need to be met in order for the model to be valid. The residuals, t , should be normally distributed with zero 
mean and constant variance (no heteroscedasticity). Financial data is known to be leptokurtic resulting in fat tails 
(Boyer et al, 2003). In addition; the error terms, µt, should be uncorrelated. If the error term µt is auto-correlated, 
then OLS is consistent, but in general the OLS standard errors for cross-sectional data are not (Stock and Watson, 
2007). Finally, the independent variables should not be highly correlated, thus avoiding multicollinearity. Using 
Newey-West standard errors, we correct for issues of unspecified heteroscedasticity and autocorrelation (HAC). A 
Newey-West estimator reduces the frequency of over-rejection (Su, 2008) and produces robust results (Park, 2005). 

The ARCH process introduced by Engle (1982) allows the conditional variance to change over time as a function of 
past errors leaving the unconditional variance constant (Bollerslev, 1986). In response to Engle, Bollerslev (1986) 
introduced the GARCH method, which is an extension of the ARCH method by letting its own t

2 depend on its 
lagged value. The GARCH model provides a better fit than the ARCH model since it uses a declining lag structure 
similar to Engle and Kraft (1983).  

Our study examines if global indices have an effect on the percent change (return) of the FTSE based on analyzing 
past performance of five global indices. We also examine different methods of regression to predict the FTSE index. 
A commonly used method is the OLS regression model. As we discussed previously, several assumptions of the 
OLS model are regularly violated and the models also ignores much of the relevant information (Morana and 
Beltratti, 2008). If the assumptions of the OLS model are ignored, a Type 1 error is significantly more likely to 
occur. In reality, this means that the standard error and hypothesis testing may be inaccurate and therefore cause a 
Type 1 error. To deal with this issue, we also include a second OLS model with a Newey-West standard error. This 
method adjusts for the inaccuracies of the OLS standard error and hypothesis testing that is commonly encountered 
when using financial time series data. The GARCH model is the last of the three regression models evaluated in this 
study. It allows the variance to change through the regression model. Using the GARCH model, we relax several 
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assumptions of regression models dealing with normality, linearity, and homoskedasticity. Therefore, our study also 
enhances the literature by incorporating different regression methods in testing and subsequent analysis.  

Examining the results of the OLS and the Newey-West error term models, we note that they show similar results, i.e. 
that the past performances of the lagged FTSE, the NIKKEI and the DOW appear to be good indicators of future 
performance of the FTSE. The GARCH model also produces similar results. Using ANOVA, we show that the 
standard errors of the models are different from each other. The results suggest that there is a difference in the 
predicted values using each technique leading us to state the following. First, we predict that global indices will have 
an effect on the future performance of the FTSE. Second, we predict that the different regression models will show 
different results. We now turn our attention to discussing the details of our methodology and we provide an in-depth 
discussion of the results. 

2. Methodology 

This study uses 2608 daily observations from DATASTREAM for each international index during the period of July 
1997 to July 2007. The variables are tested for normality (Skewness, Kurtosis), linearity (Graphs), and correlation 
(Correlation Matrix) between the dependent and independent variables before regression parameters are estimated. 
The dependent variable is the UK FTSE index and the independent variables are the US DOW index, the Japanese 
NIKKEI index, the Hong Kong HANG SENG index, the SHANGHAI index (China) and the German DAX index. 
We use the percent change (return) for each of the indices to standardize the data across all indices. We transform 
the daily index by the natural logarithm for each day, then subtracting the past day return from the current day return 
to obtain the percent change (return) of daily index values. Using the natural logarithm of the indices helps ensure 
that the data meets the assumption of linearity, an important issue when using different multiple regression models.  

As we discussed previously, it is well known that financial time series data do not follow many of the assumptions 
in linear multiple regression (Gungor and Luger, 2009). We use three different regression methods in our study: (1) 
the OLS model, (2) the OLS model with a Newey-West error term, and (3) the Generalized Autoregressive 
Conditional Heteroskedasticity (GARCH) model. The regression model has a lagged variable of the dependent 
variable making it an autoregressive model. We now discuss the models. The regression model states: 

tttttttt ShanghaiHangSengDOWNIKKEIDAXFTSEFTSE    1615141312110
 

 FTSEt is the present day percent change for the FTSE index,  

 β0 is the intercept,  

 β1 FTSEt-1 is the lagged variable of the FTSE percent change of the FTSE index,  

 β2 DAXt-1 is the lagged variable of the DAX index,  

 β 3 NIKKEIt-1 is the lagged variable of the NIKKEI index,  

 β4 DOWt-1 is the lagged variable of the DOW index,  

 β5 HangSengt-1 is the lagged variable of the Hang Seng index,  

 β6 Shanghait-1 is the lagged variable of the Shanghai index, and  

 μt is the error term of the regression model.  

The difference between the OLS model and the Newey-West model is the treatment of the standard error. The 
standard error for both of the models is calculated as follows: 
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where B1
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called the truncation parameter of the HAC estimator (Stock and Watson 2007).  

The GARCH model mean equation is stated as: 

tttttttt ShanghaiHangSengDOWNIKKEIDAXFTSEFTSE    1615141312110  

 FTSEt is the present day percent change of the FTSE index,  

 β0 is the intercept,  

 β1FTSEt-1 is the lagged variable of the FTSE percent change of the FTSE index,  

 β2DAXt-1 is the lagged variable of the DAX index,  

 β3NIKKEIt-1 is the lagged variable of the NIKKEI index,  

 β4DOWt-1 is the lagged variable of the DOW index,  

 β5Hang Sengt-1 is the lagged variable of the HangSeng index,  

 β6Shanghait-1 is the lagged variable of the Shanghai index, and  

 μt is the error term for the regression model. 

The first method is Ordinary Least Squares (OLS), which if unbiased, is consistent, has a variance that is inversely 
proportional to n, and has a normal sampling distribution when the sample size is large (Stock and Watson, 2007). 
Serial correlation may present itself when using a lagged variable of the dependent variable. This issue causes 
autocorrelation or heteroskedasticity with the error term. If this is the case, the coefficient estimators are consistent 
but OLS standard errors are not, resulting in misleading testing and confidence intervals (Stock and Watson, 2007). 
This leads us to the OLS with Newey-West error term models. The Newey-West error term adjusts for 
heteroskedasticity and autocorrelation in the regression model. The Newey-West error term OLS model replaces the 
standard error with an HAC error term, which makes the method more appropriate for financial time series data.  

The GARCH model is the third model that we examine and it allows for a time-changing variance. It accomplishes 
this by letting the error, μt, being normally distributed with mean zero and variance σt

2 depend on past squared 
values of μt and letting the σ2

t depend on its lagged value (Stock and Watson, 2007).  
22

11
2
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2 ... qtqtptpt     

Based on the previous discussion, we examine the error term of each model and tests if the means are similar. To 
test the model errors to evaluate if the means of the error are similar, we use ANOVA (Note 4). We test the 
difference between the OLS and the Newey-West model by comparing the standard error of the predicted values. 
The GARCH model will have different predictive values since it produces different coefficients. We are, therefore, 
able to compare the predicted values of the GARCH model and the predicted values of the OLS and OLS 
Newey-West standard error models. The results are then analyzed against each other using a one-way ANOVA test.  

3. Results 

In this section we discuss the results beginning with descriptive statistics, which are shown in Table 1 (Note 5). 
Each variable is examined in terms of the aspect of normally distributed skewness and kurtosis values. If a variable 
has a long right tail, the skewness value will be positive, and if the variable has a long left tail, the skewness value 
will be negative. The normal kurtosis value is 3 suggesting that if a variable have a number greater then 3, the 
distribution will have a substantial peak, and if the value is less than 3, the distribution will be flatter.  

Insert Table 1 Here 

Evaluating the FTSE return variable shows a left tail distribution with a value of -.101, as well as a substantial peak 
(5.678). The FTSE return lag variable has a skewness value of -.102 and a kurtosis value of 5.675 indicating that it 
has a left tail and a substantial peak. The DAX Return lag variable has a skewness of -.106 showing a left tail 
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distribution. The kurtosis value of 5.825 shows a distributional peak. The variable NIKKEI Return lag has values of 
-0.030 showing less of a left tail and a kurtosis value of 5.228. The DOW return lag has a skewness value of -.117 
showing a left tail distribution and a kurtosis value of 7.398 indicating a substantial peak in the distribution. The 
HANG SENG return lag variable shows a peak in the distribution with a kurtosis value of 16.500 and a right tail 
skewness value of .501. The SHANGHAI return lag has a right tail distribution with a skewness value of .191 and a 
peak in the distribution with a kurtosis value of 8.833. Evaluating the variable as a whole, it shows a substantial 
peak in the distribution with no kurtosis value less than 5.1. We conclude that variables are skewed and that the 
kurtosis values are more extreme. 

Insert Table 2 Here 

To evaluate the linearity of the independent variables and to perform a comparison with the dependent variable, the 
variables were graphed against each other (see table 2). The FTSE, DAX, NIKKEI, DOW, and SHANGHAI return 
lag variables all show some linearity toward the dependent variable. The HANG SENG return lag shows no linearity 
towards the dependent variable. The evaluation of the substantial linearity of the variables shows that only the DOW 
return lag has a substantial linear relationship with the FTSE Return. This result is expected in time-series data. We 
now examine the results of the correlation matrix. 

Insert Table 3 Here 

An examination of table 3 shows the highest correlated variable of the FTSE return is the DOW return lag variable 
with a correlation of 0.270. There is concern that the DOW return lag variable is also highly correlated to the FTSE 
return lag and the DAX return lag variables, which may indicate that multicollinearity is present. HANG SENG is 
also highly correlated to the FTSE return lag, DAX return lag, and the NIKKEI return lag variables. Similarly, this 
may cause multicollinearity in the regression model. Finally, the DAX return lag is highly correlated to the FTSE 
return lag variable. Highly correlated independent variables suggest over-estimation of the regression model.  

Insert Table 4 Here 

Table 4 shows the regression results. The results from the OLS model show an F-statistic of 47.02 indicating that the 
overall model as being statistically significant at a .000 level. The Adjusted R2 value is low at .0958. Examining the 
regression coefficients of the OLS model, the FTSE return lag has a coefficient of -0.0028 showing that with every 
unit increase in the past FTSE return, the future FTSE return will decrease by 0.012. This is statistically significant 
(t-value of -3.59). The DAX return lag has a statistically insignificant coefficient of -0.035. The NIKKEI return lag 
has a coefficient of -0.055, showing that with every unit increase the future FSTE return will decrease by 0.055. 
This is statistically significant (t-value = -3.29). The DOW return lag has a coefficient of 0.362 showing that with 
every unit increase, the future FTSE return will increase by 0.362. The result is highly significant (t=16). The 
HANG SENG return lag and the SHANGHAI return lag coefficients are statistically insignificant (Note 6).  

The results from the OLS model with the Newey-West standard error shows that the overall model is statistically 
significant at the .000 level (F-statistic = 28.58). Examining the regression coefficients of the Newey-West model, 
the FTSE return lag has a coefficient of -0.102, showing that with every unit increase in the past the FTSE return 
and the future FTSE Return will decrease by 0.102. This is statistically significant (t= -2.55). The DAX return lag is 
statistically insignificant. The NIKKEI return lag has a coefficient of -0.055 suggesting that with every unit increase 
the future FSTE return will decrease by 0.055. The results are statistically significant (t=-2.61). The DOW return lag 
has a coefficient of 0.362. The result is highly statistically significant (t=12.2). The HANG SENG return lag and the 
SHANGHAI return lag coefficients are statistically insignificant. 

The evaluation of the GARCH model shows a highly significant χ2 value, which is statistically significant at the .000 
level. Examining the regression coefficients, FTSE return lag has a coefficient of -.072, showing that with every unit 
increase in the past FTSE return the future FTSE return will decrease by .072. The result is statistically significant 
(t=-2.71). The DAX return lag has a coefficient of -0.056, which is statistically significant (t= -3.05). The NIKKEI 
return lag has a coefficient of -0.036. This is statistically significant (t= -2.58). The coefficient the DOW return lag 
is 0.323, showing that with every unit increase, the future FTSE return will increase by 0.323. This is highly 
significant (t= 15.5). The coefficients of the HANG SENG return lag and the SHANGHAI return lag are 
insignificant. 

The results from all three of the regression models have supported our first prediction showing the global indices 
have an effect on the future return of the FTSE index. Not all indices affect on the future return of the FTSE index, 
however. Discussing the results from the OLS and Newey-West tests; the FTSE return lag, DAX return lag, and 
DOW return lag have a statistically significant effect on the future return of the FTSE. The HANG SENG return lag, 
NIKKEI return lag, and the SHANGHAI return lag are not statistically significant in predicting FTSE future returns. 
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The GARCH model show similar results supporting our first prediction that the performance of some past global 
indices has a statistically significant effect on future FTSE index returns. 

Insert Table 5 Here  

We use ANOVA to test for statistically significant differences between the standard error of the OLS model and the 
Newey-West model. Table 5, Panel A shows a statistical difference between the mean of the two models. The 
F-static of 220.62 is statistically significant at a .000 level. The results support the prediction that the different 
regression model will produce different results. The difference between the OLS and Newey-West is the treatment 
of the standard error. In the Newey-West model, the standard error is inflated, which reduces the t-statistic resulting 
in a lower likelihood of a Type 1 error. We also used ANOVA to test if there is a significant difference between the 
predicted values of the GARCH compared to the predicted values of the OLS models. Evaluating the results in 
Table 5, Panel B, there is a statistically significant difference between the predicted values of the GARCH and the 
OLS model with an F-static of 9.452, which is statistically significant at a .000 level. This result also supports the 
second prediction showing that there is a difference between the OLS and GARCH models.  

4. Discussion 

The results support both predictions that we test in our study. When analyzing the effect of global indices, three 
results show that past performance of the two indices and in the case of the GARCH model, three indices have an 
effect on FTSE returns. The lag variable of the FTSE is statistically significant but the negative coefficient suggests 
that past behavior of the FTSE has a negative effect on the future return of the FTSE. This is an interesting finding 
since it suggests that a positive FTSE index performance does not carry forward. On the other hand, the results also 
suggest that a negative return will carry a positive reaction towards the future price of the FTSE index. The DOW 
return lag has the most substantial effect towards the future return of the FTSE with the greatest t-value and highest 
coefficient. This is the only variable that has a positive effect on the future price of the FTSE. It shows that a 
positive return on the DOW will carry a positive return toward the future return of the FTSE. All three regression 
models support this finding. The other indices have a negative effect on the future price of the FTSE showing that a 
positive return will have a negative impact on the future returns of the FTSE index. In evaluating the regression 
models, is important to examine the results of the coefficients for the variables in each model. The three models all 
suggest the same coefficient direction for all variables, and that the GARCH model is different in the sense that the 
NIKKEI return lag is statistically significant. It is not statistically significant in the two other regression models. 
This is an important finding, because although the models produce different predictive values, the effect of the 
variables is the same when examining the coefficient direction. This study also shows that OLS under-estimates the 
standard error, thus increasing the likelihood of a Type 1 error while the Newey-West model reduces the possibility 
of a Type 1 error. Both OLS and the Newey-West model have similar predictive power because the coefficients of 
the betas are the same. The GARCH model, on the hand, not only helps in reducing the likelihood of a Type 1 error, 
but the predictive power of the model increases as a result of allowing time varying variances. 

5. Conclusion 

We offer two types of conclusions in this paper. First, this study supports the hypothesis that some international 
indices have predictive powers toward the future performance of the FTSE index. All three regression models 
support the main result. Our study also shows that the three regression models will provide different results 
concerning predictive variables but that all variables maintain the same direction of the coefficients. The results 
suggest that although the regression models are different, they do support each other’s findings. Future studies 
should examine the different effects that other international indices have on the return of the FTSE. With constantly 
changing global capital markets, information is being processed and past along faster than ever. This could cause 
even smaller indices to have an effect on larger global indices, not only the other way around. This should be 
examined in future studies. Our study only covers a time frame of ten years, from July 1997 to July 2007. The 
results may not hold when evaluating different time frames. Second, the results show that the predictive power of 
the OLS and Newey-West models are similar but the Newey-West model is more efficient. Based on the results of 
our study, we conclude that OLS and Newey-West models should only to be used to explain results when dealing 
with time series data. With respect to predicting an outcome, a GARCH model should be used.  
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Notes 

Note 1. Many studies use the US as the core country. 

Note 2. Becker, Finnerty and Friedman (1995) argued, based on reactions of UK traders to US announcements, that 
the two markets are linked. While we refer to these articles in our paper, we argue that tests similar to Becker et al 
(1995) are not direct tests of integration, co-movements and spillover effects. Rather, they are tests of consistent 
trader behavior across markets implying market integration.  

Note 3. Becker, Finnerty, and Gupta (1990) found that there is no linkage between the open and closed returns of the 
US markets.  

Note 4. Note that the OLS and the Newey-West error term naturally will have the same predicted value because the 
coefficients do not change. It is only the standard error that changes.  

Note 5. We use one-time lagged indices (t-1) of independent variables to forecast the FTSE (t). This approach does 
not take into account national holidays and time-zone bias, if any. 

Note 6. We apply an arch test for heteroskedasticity and the Durbin-Watson alternative test for autocorrelation. The 
results of the arch test show a chi-square value of 134.98, rejecting H0 that there is no arch effect. The results for the 
Durbin-Watson test also show a chi-square value of 19.392, rejection H0 that there is no serial autocorrelation. OLS 
assumes that the error variance is constant and that the error terms are independent. These results suggest that the 
OLS coefficients may be inefficient and biased, which is why we employ Newey-West and GARCH methods. 

 

Table 1. Descriptive Statistics 

Variable    Mean   Std. Dev.  Skewness  Kurtosis 

FTSE Excess Return  0.0000127  0.0112889  -0.1011822  5.678615 

FTSE Excess Return Lag  0.0000172  0.0112906  -0.1020578  5.675576 

DAX Excess Return Lag  0.0002433  0.0158327  -0.1064937  5.825191 

NIKKEI Excess Return Lag 0.0000346  0.0140197  0.0307086  5.228309 

DOW Excess Return Lag  0.0001459  0.0108305  -0.1176092  7.397954 

HangSeng Excess Return Lag 0.000184  0.0165701  0.5017384  16.50039 

Shanghai Excess Return Lag 0.0005568  0.0144491  0.1915438  8.833616 

Total Observations: 2608     
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Table 2. Graph of FTSE Independent Variables 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Table 2 shows the linear relationship between the dependent and the independent variable (independently). The FTSE, DAX, NIKKEI, DOW, 

and SHANGHAI return lag variables all show some linearity toward the dependent variable. The HANG SENG return lag shows no linearity 

towards the dependent variable. The evaluation of the linearity of the variables shows that only the DOW return lag has a substantial linear 

relationship with the FTSE Return 

 

Table 3. Correlation Matrix 

      1  2  3  4  5  6  7 

1 FTSE Excess Return  1        

2 FTSE Excess Return Lag  -0.0064 1      

3 DAX Excess Return Lag  0.0371 0.7428 1     

4 NIKKEI Excess Return Lag -0.0638 0.2456 0.2228 1    

5 DOW Excess Return Lag  0.2707 0.428  0.5107 0.1215 1   

6 HangSeng Excess Return Lag -0.0369 0.3377 0.3222 0.4433 0.1322 1  

7 Shanghai Excess Return Lag -0.0286 -0.0204 -0.0044 0.0547 -0.0211 0.0916 1 

 

Table 4. Regression Results 

 OLS Model Newey-West Model GARCH Model 

Variables Coefficients Std. Error t-statistic Coefficients Std. Error t-statistic Coefficients Std. Error t-statistic

Intercept -0.000019 0.000210 -0.09 -0.000019 0.000211 -0.09 0.000259 0.000157 1.65 

FTSE Excess Return Lag -0.101916 0.028357 -3.59 -0.101916 0.040041 -2.55 -0.072516 0.026720 -2.71 

DAX Excess Return Lag -0.035144 0.021090 -1.67 -0.035144 0.030570 -1.15 -0.056286 0.018471 -3.05 

NIKKEI Excess Return Lag -0.055408 0.016851 -3.29 -0.055408 0.021196 -2.61 -0.036234 0.014021 -2.58 

DOW Excess Return Lag 0.362194 0.022700 15.96 0.362194 0.029686 12.2 0.323260 0.020858 15.5 

HangSeng Excess Return Lag -0.000130 0.014822 -0.01 -0.000130 0.017495 -0.01 -0.008448 0.012659 -0.67 

Shanghai Excess Return Lag -0.015425 0.014639 -1.05 -0.015425 0.014465 -1.07 -0.012697 0.010194 -1.25 

F-Values / Chi(2) 47.02 28.58 258.58 
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Table 5. ANOVA Results 

Panel A: Standard Error OLS/Newey-West 

 Sum of Squares df Mean Square F Sig. 

Between Groups 0.000015011 1 0.000015011 219.47 0 

Within Groups 0.000356616 5214 6.8396E-08   

Total 0.000371626 5215    

Panel B: Predict OLS/GARCH 

 Sum of Squares df Mean Square F Sig. 

Between Groups 0.000094417 1 0.000094417 8.57 0.0034 

Within Groups 0.057473467 5214 0.000011023   

Total 0.057567884 5215    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  


