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Abstract This paper provides empirical evidence to compare the abilities of the forecasting 
correlations among market returns. The conditional models, which are based on the estimation of 
the time-varying correlation equations, provide strong forecast accuracy. The unconditional 
measures of correlation, however, perform poorly in all equity markets. The popular Pearson’s 
correlation coefficient is inferior to other measures. The robust non-parameter measures of 
correlation which is insensitive to the outliers are better than Pearson’s correlation. We find that, 
the measure which calculates by the method of the conditional model with the most parameters 
provides the best predictive accuracy, while the popular linear correlation coefficient makes poor 
forecasts in the application of international equity markets.  
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1.  Introduction 

Over the past few years, the importance of degree of correlation among international equity 
markets seems to have increased. The returns of equity markets are more concurrently affected 
by disturbances produced from foreign equity markets; and global equity markets are gradually 
being considered as an integrated market. The increased degree of international integration may 
be due to liberalization of international capital flows; region political integration; innovation of 
the financial products; deregulation in financial markets and institutions in various countries; and 
the improvement in electronic communication systems that make international financial 
transactions easier and less expensive. However, it is unclear whether correlations among 
international equity returns really have increased in the statistics measures of correlation, or 
whether it will further increase in the future.  
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There is much financial literature on the discussion of correlations among international equity 
markets, but they are not consistent to achieve perspective on the trending of correlations among 
the markets. Roll (1989) proposed that the increase in international equity return correlations in 
the 1980s compared to the 1970s is only minor. Goetzmann et al. (2005) found that correlation 
structure of the world equity markets varied dramatically over the past 150 years and was high 
during periods of economic integration. Berben and Jansen (2005) developed a bivariate general 
autoregressive conditional heteroskedasticity model (bivariate GARCH) for equity returns, and 
found that correlations among the German, UK and US stock markets have greatly increased 
during the period 1980-2000; whereas Japanese correlations have remained the same. These 
different opinions may be caused by the application of equity markets, the implementation of 
econometric methods, and the usage of measures of correlation. 

Forecasting correlation among international equity markets is important to the financial asset 
pricing models and practical investment decision-making. The arrangement of a well-diversified 
portfolio actually relies on not only the accurate forecasts of volatility but also the degree of 
correlations among related assets (see Berben and Jansen, 2005; Elton et al., 2006). Additionally, 
the consideration of correlation forecasts among holding assets in investment portfolio 
management benefits the performance assessment. A market investor’s ability to conduct 
accurate forecasts of correlations will decide the optimal allocation of assets in their portfolio. 
(see Ahmed, 2001) Moreover, the estimates and forecasts of correlation between the underlying 
and associate derivatives affect the optimal hedging decision (see Lafuente and Novales, 2003; 
Chiu et al. 2005).  

Correlation is a measure of the strength of the association between two variables. It is usually 
standardized as a number between 1 and -1. A correlation value which is close to 1 or -1 
indicates a strong correlation among the variables, a value close to 0 indicates a very little 
relevance. In general, the correlation coefficient, also known as the linear correlation coefficient, 
is a measure of the degree of the liner association between two variables. A suitable measure of 
correlation among the variables in empirical finance should facilitate an accurate analysis on 
practical application. Furthermore, the accuracy of correlation forecasting depends first and 
foremost on the measurement methods used. The most popular and simplest measure of 
correlation is Pearson’s correlation coefficient (PC), but it is affected by heavily outliers. The 
coefficient of correlation makes a constant value to measure the degree of linear association of a 
data set during a certain period. The values of correlation coefficient change dramatically by the 
outliers; even one or two outliers present in the data set can completely affect the measures value 
up to a change of its sign. This will cause difficulty to let us explain the meaning of the value of 
correlation coefficient in empirical study. Further, it makes forecasting correlation only a rough 
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estimate. 

Although Pearson’s correlation coefficient is the standard statistical quantity presented in the 
statistical statements, there is much academic research indicating that the degree of correlation 
among international equity market returns is time-varying. For example, Groenen et al. (2000) 
propose a graphical method to visualize time-varying correlations between equity market returns. 
Berben and Jansen (2005) investigated shifts in correlation patterns among international equity 
returns. Therefore, there is literature that has developed a conditional model to capture the 
dynamic behavior of correlation among equity returns. Engle (2002) proposed a dynamic 
conditional correlation in multivariate GARCH models for estimating time-varying correlation. 
Tse (2000) and Tsay (2002) proposed a factor model which relaxed the constant correlation 
constraint within the multivariate GARCH framework to set an exact equation for the conditional 
correlation coefficient. The measure of correlation generated from the multivariate GARCH 
model can depict the dynamic behavior of real association among the variables over time. 
However, the estimation of conditional correlation generated from the multivariate GARCH 
models is really based on the conditional model equation settings and the error distributional 
assumptions. The estimates and forecasts results of conditional correlation associate to the option 
of the alternative conditional equations specifications and error distributions.  

Robust measures of correlation are considered in this paper, other than Pearson’s correlation 
coefficient and conditional correlation model, which are less threatened from the disturbance of 
some outliers in the data set, and are not needed to specify prior error distribution for the asset 
returns. Some suitable measures of correlation developed by the non-parameter methods are 
available, but they have not been tested for their correlation forecasting abilities before. In fact, 
the accurate measurement of co-movement among international equity markets is important and 
is based on the usage of alternative measures of correlation. 

The plan of this paper is to evaluate the abilities of correlation forecasting generated from 
alternative measurements of correlation among international equity markets. We employ five 
measures of correlation to assess the degree of return correlation for four country’s markets. We 
hope that the study can find the best measure of correlation for the implementing forecasting on 
the application of international equity markets. Some of the measures of correlation employed 
here have not yet been considered in any previous research for their abilities to forecast 
correlation. To the best of our knowledge, earlier studies have neither applied nor tested the 
Kendall’s correlation (KC) and the Quadrant correlation (QC). In fact, there are some papers 
which focus on the estimation of unconditional or conditional correlations, but they seldom 
conduct the correlation forecasting of stock returns.   
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We provide empirical evidence for these measures of correlation using data from January 2000 to 
July 2006 of four main international equity markets. The study proves clearly the advantages of 
the one-period-ahead forecasting correlations among market returns. The conditional models, 
which are based on the estimation of the time-varying correlation equation, provide a strong 
promotion to forecast accuracy while the unconditional measures of correlation perform poorly 
in all stock markets. The popular Pearson’s correlation coefficient is inferior to other measures. 
The robust non-parameter measures of correlation which is insensitive to the outliers are better 
than Pearson’s correlation. Accordingly, it is clear that the ability of correlation forecasting varies 
on the usage of the alternative measures of correlation. The measure which calculates by the 
methods of the conditional model with the most parameters provides for the best predictive 
accuracy, while the popular linear correlation coefficient makes the very worst forecasts in the 
application of international equity markets.  

The rest of this paper is organized as follows. The alternative measures of correlation employed 
and their theoretical properties and empirical results are discussed in Section 2. In Section 3 we 
state the steps of forecasting, and the criteria in which the forecast performance of these 
measures of correlation are assessed. The data used as well as empirical evidence on the 
outcomes of the correlation forecasts among international equity markets are discussed in 
Section 4. Section 5 summarizes and presents concluding remarks. 

2. Measures of Correlation 

This section defines the measures of correlation used in this study. Five comparable measures of 
correlation for pair-wise data set are investigated including the Pearson’s correlation (PC); the 
Kendall’s correlation (KC); the Quadrant correlation (QC); the dynamic conditional correlation 
(DCC) multivariate GARCH (DC); and the factor MGARCH (FC).  

2.1 Pearson’s Correlation (PC) 

The calculation of Pearson’s correlation is based on the assumption that two variables are 
sampled from populations that follow a normal distribution. To calculate the sample PC in the 
case of observed values (x1, y1),…, (xn, yn) of a bivariate random variable (X, Y) is  
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where  and  denote the sample standard deviation of variable X and Y, respectively. xσ yσ x  

and y  are the sample means. PC is a standardized form derived by subtracting the mean and 
dividing by the standard deviation. It has a mean of 0 and a standard deviation of 1. If PC > 0, 
then a direct correlation between X and Y exists. If PC < 0, then an inverse correlation exists.  

2.2 Kendall’s Correlation (PS) 

Kendall’s correlation coefficient is a robust measurement of correlation endowed with the use of 
nonparametric rank and sign statistics. For a sample {(xi, yi), 0 < i < n+1}, it is defined as: 
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This measure sums the total results based on the number of concordances and discordances in 
paired observations. Concordance occurs when paired observations moves in the same direction, 
and discordance occurs when paired observations moves in the opposite direction. 

2.3 Quadrant Correlation (QS) 

Blomquist (1950) proposed a nonparametric rank measurement of correlation, and is defined as:  
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where xm and ym denote the medians of variable X and Y, respectively. It measures the 
correlation among paired observations of a data set by the calculation of dispersion about their 
median.  

2.4 DCC MGARCH (DC) 

The dynamic conditional correlation M-GARCH proposed by Engle (2002) is an extension of the 
constant correlation coefficient (CCC) M-GARCH by Bollerslev (1990) and allows for capturing 
the dynamic behavior of the covariance term among the variables. The most widely use 
formulation is MGARCH(1,1) which can be defined as:  

t1,1t1, εαr +=                                                                  (4) 
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t2,2t2, εαr +=                                                                  (5)
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where rt = [r1,t, r2,t]’ is the returns matrix. The matrix of residuals, εt = [ε1,t , ε2,t]’ may be 
described as εt|Φt-1 ~ N(0, Ht). Term εt is conditioned by the complete information set Φt-1 and is 
normally distributed with a zero mean and conditional covariance matrix Ht: 

0.5
tij,tij,

0.5
tij,tij,tij,tij, )Q/(Q)H(HQH = ,                                               (8) 

where Qt is the covariance matrix which adds two scalar parameters κ0 and κ1 governing a 
GARCH(1,1) model on the matrix as a whole.  

1-t1-t01-t1020t εεκQκ)Qκκ(1Q ′++−−= ,                                           (9) 

where Q0 is the unconditional covariance matrix. 

The parameters θ ≡ (α1, α2, β1, β2, γ1, γ2, η1, η2, κ1, and κ2) are estimated using a maximum 
sample log-likelihood function of the bivariate normal distribution in the maximization 
procedure is given as follows:  
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where f(•) is the likelihood function of the MGARCH model combined with bivariate normal 
distribution.  

The DCC MGARCH model has been applied to many fields in finance. Cuaresma and Wojcik 
(2006) employed the model to estimate the degree of time-varying correlation in interest rate 
shocks with Germany and the US under different exchange rates regimes. Manera et al. (2006) 
used the model to estimates the dynamic conditional correlations in the returns on the spot ad 
forward prices. In generally, The DCC MGARCH is well-fitted for empirical estimation applied 
to the financial time series.   
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2.5 Factor MGARCH (FC) 

Tse (2000) and Tsay (2002) specified an exact equation for the conditional correlation coefficient 
in the framework of MGARCH. Factor model consists of two sets of variance-covariance 
equations. One is a bivariate GARCH(1,1) model for the estimation of conditional variances, and 
the other is a GARCH(1,1) model for the time-varying correlation. Their factor MGARCH(1,1) 
model can be defined as: 

t1,1t1, εαr +=                                                                 (10) 
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It uses a GARCH(1,1) model to fit the correlation coefficient between two returns in equation 
(14).  

3. Forecast Procedures and Evaluates Indicators 

We implement a Random Walk model for the correlation forecasting in which the best 
correlation forecast of the next week is the current weekly observations. 

t1t ρρ̂ =+                                                                    (16) 

where  denotes the correlation forecasting for the week t+1, and  denotes the measure of 

correlation calculated by the usage of return data within the week t. We calculate weekly 
correlation by the usage of the within-week daily data for these measures of correlation including 
PC, KC and QC. For example, the weekly correlation in the first week of May 2006 is measured 
by calculating the data set consisting of the daily returns from May 1 to May 7. Then this 

1tρ̂ + tρ
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measured value becomes the forecast value for the second week of May 2006.  

To obtain forecast values of conditional correlation from DCC GARCH model, the forecast 
of correlation information at time t-1 can be derived as  

)Φ|εE(γ)Φ|E(σηβ)Φ|E(σ 1t
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We first estimate the MGARCH model using the in-sample data. The weekly estimated values of 
the parameters are then used to calculate the one-step-ahead forecasts in the out-of-sample period. 
Multiple step forecasts can be obtained recursively. The initial and closing dates of the estimation 
period are wheeled forward one period. The time-varying correlation series estimated from the 
whole sample is as the true correlation in the framework of condition correlations analysis.  

The procedure of the one-step-ahead correlation forecasts in the factor MGARCH model is 
similar to the forecasting step in the DCC MGARCH model. We also implement the recursive 
estimation and wheeled-forward moving periods. The forecast at time t given the information set 
is calculated as: 
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The forecast result above is then applied to equation (15) to obtain the correlation forecast value. 

The one-period-ahead forecasting errors, , are assessed by both the mean squared 

predicted error (MSE) and the relative performance measure (PRM), which are defined as 
follows, respectively: 
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where N is the number of pair-wise data set in the forecasts period. The MSE weights the 
forecast error equally and the outliers easily affect the indicator. The PRM is a relative forecast 
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errors indicator. It gives the weight to any absolute predicted error varying between 1 and 0.2 
depending on the actual correlation.  

4. Empirical Results  

We use daily and weekly returns on four main equity market indices in the world and apply them 
to the analysis of the abilities of forecasting performance for five measures of correlation. The 
four markets are the US S&P 500 stock index; the UK London FTSE 100 index; the Japanese 
Nikkei 225 index; and the Chinese Shanghai Composite index. The first three are the most 
mature markets, while the Chinese equity market is the emerging market which noticed 
remarkable economic growth during the sample period. The sample starts on January 1, 2000 and 
ends on July 31, 2006, and was taken from Bloomberg. This gives the total numbers of 342 
weekly trading observations. The market returns for each stock index series are calculated as the 
logarithmic difference in the closing prices (i.e. rt = logPt − logPt−1, where Pt represents the market 
index series at time t). The samples are further divided into two parts. The in-sample period starts 
from January 2000 and ends on December 2005, while the remains are the out-of-sample 
forecasting period.  

The univariate properties of the equity market returns are examined first. Table 1 shows the 
summary statistics for the daily and weekly frequency statistics for these indices over the full 
sample period. The daily and weekly mean returns are negative except for the Chinese equity 
market. The weekly mean return of the equity markets ranges from -0.04% (Japan) to 0.01% 
(China), while the daily mean returns are much more close among the equity markets. The 
standard deviation of the stock markets ranges from 0.51% (US) to 0.63% (Japan) for the daily 
returns. The kurtosis statistics indicates that all stocks display leptokurtic. According to 
Jarque-Bera statistics, all daily and weekly return series present a clear rejection of the normality.  

Table 2 shows the estimate results of the DCC MGARCH model combined with bivariate normal 
distribution for four weekly returns. Both α1 and α2 estimates are insignificant for most markets 
in the conditional mean equations (10) and (11) Preliminary analysis by t-statistics shows that the 
conditional variance terms for six MGARCH models performed adequately for all equity 
markets. The η estimates indicates that conditional variance has a mid-level persistence for 
international stock market returns. The coefficient for the persistence of conditional correlation, 
κ1 is positive and significant for all stock markets. These findings support that a conditional 
correlation exists in the persistence properties. In general, the significance of the parameters in 
the DCC MGARCH model supports that the model is well-fitted for international equity market 
returns. 
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Table 3 reports the estimations of the factor model on the conditional means, variances and 
correlations in the full sample. The estimates of conditional mean and variance equations are 
similar to the results of DCC MGARCH model. It is interesting to examine the time-varying 
correlation in equation (14). The estimates w1 are statistically insignificant at the 5% level on all 
cases except for the S&P 500-FTSE 100. The estimate efficiency of the factor MGARCH model 
was lower than the DCC MGARCH model when we compared the log-likelihood function value.  

Further we implemented a graphical analysis for the weekly time series of the unconditional and 
conditional correlations to check the differences and similarities between the alternative 
measures in the full sample. We took the correlation among S&P 500-FTSE 100 as the example 
to see the dynamic behavior in Figure 1. Parts (a) to (c) present plots of unconditional 
correlations of PC, KC and QC, respectively. It is obvious that these correlation series vary 
dramatically over the period from January 2000 to July 2006. After the beginning of 2003, the 
three unconditional correlation series have more apparent stability. Parts (d) and (e) of Figure 1 
present the conditional correlations based on the measurement of DCC and factor MGARCH 
models, respectively. The MGARCH models generally generated higher estimates of correlation. 
The correlation series generated from the factor MGARCH model exhibits less variation than the 
one gained from the DCC MGARCH model. In general, it can be seen from the graphs that the 
correlation series generated from the alternative measures follow each other quite differently. 
The paths based on the measures of the unconditional model have much larger variability than 
those estimated by the conditional models. We also find that correlation series among US and 
UK equity markets indicate an upward shift whether using unconditional or conditional models.  

The graphical observation of correlation series will lead us further into a discussion of 
correlation analysis of these correlation series presented in Table 4. Not surprisingly, the average 
liner correlations among the unconditional correlation series are high, especially on the one 
between KC and QC (0.92810). The higher correlations also presented in the relationship 
between the DCC and factor MGARCH models (0.58173). However, the correlation series 
generated from the unconditional models have low association to them generated from the 
conditional models.    

Next, we turn to the assessment of the out-of-sample forecasting ability for the five measures of 
correlation. The forecast errors based on both MSE and RPM indicators are exhibited in Table 5.  
According to the average MSEs, the factor MGARCH model provides the lowest predictive error 
and is considered to be the best measure of correlation in the forecasting implementation. 
Moreover, the factor MGARCH model has the best forecast performances in each of the 
pair-wise equity markets. Ranked second is the DCC model. The Pearson’s correlation, the most 
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popular measure of correlation, is the worst measure for forecasting correlation. The robust 
measures of correlation, KC and QC, also have low performances, although they are better than 
PC. The results show that the popular, simpler Pearson’s correlation coefficient based on 
calculation of the standardization by subtracting the mean of asset return and dividing by the 
standard deviation, can not outperform other measures of correlation in forecasting weekly 
correlations among international equity markets. The robust measures of correlation based on 
rank and sign statistics, KC and QC, which are more robust against outlying values, have a 
slightly better performance than the PC measure. The conditional correlations generated from the 
DCC MGARCH model and the factor MGARCH model had best performances. Further, the 
factor MGARCH model is the preferred measure on the application of correlation forecasting. 
The above results indicate that the more complicated measure of correlation in numerical 
calculation for forecasting implementation is more accurate. 

Turning our attention to the discussion of the forecast abilities based on the PRM indicator. The 
average PRM indicator indicates that the factor MGARCH model still is the preferred measure 
and the DCC MGARCH model is ranked second, while the PC measure of correlation provides 
the average forecasting errors with the biggest PRM values. In addition, the KC and QC 
measures have lower abilities to forecast correlation among international equity markets. 

It follows from what has been said that the conditional correlation models (DC and FC) appear to 
be the preferred measures of correlation in the forecasting application for international equity 
markets. The unconditional correlation models (PC, KC and QC), provide lower-accuracy 
correlation forecasting. More surprising, the forecasting ability of the popular Pearson’s 
correlation coefficient is the worst. 

5. Conclusions 

Correlation is an extremely important statistic to asset pricing and portfolio selection models in 
many fields of finance. This paper empirically studies the abilities of correlation forecasting for 
the alternative measures of correlation in international equity markets. Some measures of 
correlation were considered based on the robustness, rank and time-varying models. These 
measures which were employed are the Pearson’s correlation (PC), the Kendall’s correlation 
(KC), the Quadrant correlation (QC), the dynamic conditional correlation multivariate GARCH 
model (DC), and the factor MGARCH model (FC). 

The weekly correlation time series among four equity markets were first calculated by alternative 
measures. A one-period-ahead correlation forecasting was then conducted. In addition, the 
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abilities of correlation forecasting for these measures were evaluated based on the error appraisal 
indicators. 

Applied to the four main international equity markets, the empirical evidence proves clearly the 
predictive ability for the one-period-ahead correlations among market returns. The factor 
MGARCH and DCC MGARCH models, which are based on the estimation of the time-varying 
correlation equation, provide a substantial improvement to forecast accuracy, while the 
unconditional measures of correlation, PC, KC and QC, perform poorly in all stock markets. The 
popular Pearson’s correlation coefficient is inferior to other measures. The robust non-parameter 
measures of correlation which are insensitive to the outliers were better than Pearson’s 
correlation. Accordingly, it is clear that the ability of correlation forecasting varies on the usage 
of the alternative measures of correlation. The measure which calculates by the methods of the 
conditional model with the most parameters provides the best evidence for predictive accuracy, 
while the popular linear correlation coefficient makes very worst forecasts in the application of 
international equity markets.  
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Table 1. Descriptive Statistics of the Daily and Weekly Returns Series for the Full 
Sample 

Market Mean Std Skewness Kurtosis JB No. 
Panel A: Daily Returns   

S&P 500 -0.0000 0.0051 0.0865 5.3926 384.3* 1614 

FTSE 100 -0.0000 0.0052 -0.1667 6.0706 637.1* 1628 

Nikkei 225 -0.0000 0.0063 -0.2438 5.1554 326.1* 1603 

Shanghai Composite 0.0000 0.0059 0.6348 8.8672 3257.4* 1635 

Panel B: Weekly Returns   

S&P 500 -0.0003 0.0238 -0.5651 6.4244 184.7* 342 

FTSE 100 -0.0003 0.0218 -0.1677 5.4162 84.55* 342 

Nikkei 225 -0.0004 0.0285 -0.2696 3.4013 6.4* 342 

Shanghai Composite 0.0001 0.0285 0.3577 4.7087 48.7* 342 

Note: The Jarque-Bera (JB) normality test is asymptotically distributed as a x2
 with two degrees of freedom under 

the null of normality. The critical value for the null hypothesis of normal distribution is 5.99 at the 5% significance 

level. The sample period is from January 2000 to July 2006. * denotes significance at the 5% levels.  
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Table 2. DCC MGARCH Model Parameter Estimates 

 S&P 500 - 

FTSE 100 

S&P 500 - 

Nikkei 225 

S&P 500 - 

Shanghai 

Composite 

FTSE 

100-Nikkei 

225 

FTSE 100- 

Shanghai 

Composite 

Nikkei 225 - 

Shanghai 

Composite 

0.0004 -0.0001 -0.0003 0.0015 0.0001 -0.0004 1α  

(0.44) (-0.07) (-0.21) (1.66) (2.37)* (-0.29) 

0.0016 0.0001 0.0002 0.0006 0.0001 0.0000 
2

1

2

2

2

1

α  
(2.07)* (0.10) (0.11) (0.43) (0.68) (0.00) 

0.0004 0.0005 0.0005 0.0000 0.0002 0.0012 
β  

(5.18)* (5.06)* (10.88)* (1.97)* (12.29)* (44.15)* 

0.0000 0.0013 0.0007 0.0013 0.0007 0.0005 
β  

(2.83)* (5.43)* (15.38)* (6.69)* (15.39)* (13.15)* 

0.3220 0.2387 0.0790 0.2406 0.1399 0.0106 1γ  

(3.62)* (3.18)* (1.39) (3.81)* (46.36)* (0.19) 

0.2396 0.1535 0.0511 0.0548 0.0850 0.0540 
γ  

(4.37)* (2.34)* (1.96)* (1.71) (2.03)* (1.24) 

-0.0971 -0.1613 0.7203 0.7299 0.3284 -0.0056 1η  

(-0.75) (-1.02) (10.01)* (12.06)* (5.44) (-0.13) 

0.7309 -0.3747 0.6016 0.6817 -0.0219 0.4914 
η  

(13.36)* (-1.65) (8.03)* (3.45)* (0.03) (5.17)* 

0.0441 0.0143 0.1290 0.0403 0.0294 0.0001 
0κ  

(3.85)* (0.55) (1.38) (1.19) (0.75) (0.04) 

0.9410 0.7823 0.7480 0.7871 0.8477 0.9313 
κ  

(44.68)* (3.15)* (2.59)* (5.17)* (15.41)* (38.01)* 

Log F 21687 18547 15246 15890 15604 11658 

Note: Weekly returns for each stock index are calculated as the logarithmic difference in the closing prices for four’s 

equity markets. The six MGARCH model combined with bivariate normal distribution is estimated by maximizing 

the sample log-likelihood method. Model is estimated for the period January 2000 to July 2006. The conditional 
mean, variance and correlation processes given by: , 

t1,1t1, εαr += t2,2t2, εαr += , , 

, , 
1

2
1t1,1

2
1t1,11

2
t1, εγσηβσ −− ++=

-t1-t01-t εεκ2
1t2,2

2
1t2,22

2
t2, εγσηβσ −− ++= 0.5) t (1Qtij,tij,

0.5
tij,tij,tij,tij, Q/(Q)H(HQH = 1020 Qκ)Qκκ ′++−−= . * denotes significance at 

the 5% levels, t-value is in the parentheses. 
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Table 3. Factor MGARCH Model Parameter Estimates 

 S&P 500 - 

FTSE 100 

S&P 500 - 

Nikkei 225 

S&P 500 - 

Shanghai 

Composite 

FTSE 

100-Nikkei 

225 

FTSE 100- 

Shanghai 

Composite 

Nikkei 225 - 

Shanghai 

Composite 

0.0006 0.0012 0.0018 -0.0041 0.0045 0.0005 1α  

(1.98)* (0.04) (0.01) (-1.00) (0.08) (0.14) 

0.0016 0.0012 0.0024 -0.0291 0.0051 0.0021 
2

1

2

2

2

1

2

α  
(0.54) (0.03) (0.02) (-5.33)* (0.07) (0.28) 

0.1919 0.2287 0.2435 0.1430 0.3450 0.2661 
β  

(9.77)* (1.34) (1.40) (1.24) (7.20)* (0.41) 

0.1592 0.2046 0.2504 0.1584 0.1965 0.3557 
β  

(7.90)* (6.01)* (3.52)* (9.74)* (46.55)* (61.15)* 

0.0235 0.0918 0.0065 -0.0618 0.0782 0.0051 1γ  

(0.07) (0.45) (0.01) (-0.00) (0.20) (0.13) 

-0.5123 -0.0763 -0.0001 0.2476 -0.1069 -0.1519 
γ  

(-0.01) (-0.01) (-0.00) (0.00) (-0.00) (-0.01) 

0.8903 0.5669 0.4297 0.4162 0.5074 0.7641 1η  

(13.02)* (2.16)* (0.43) (1.02) (1.41) (8.69)* 

0.4518 0.6475 0.8205 0.3489 1.3289 0.7142 
η  

(5.02)* (7.21)* (4.29)* (2.48)* (0.00) (12.54)* 

3.1545 3.8252 2.7601 2.5246 2.2510 0.2523 
0w  

(12.78)* (20.58)* (6.00)* (12.35)* (2.28)* (0.19) 

2.0736 0.4401 1.6106 1.7856 2.2636 1.6840 
w  

(33.57)* (0.13) (0.65) (1.26) (0.02) (1.29) 

0.0012 0.0027 3.6225 1.7018 0.4785 3.1734 
w  

(0.20) (0.20) (0.43) (1.40) (0.44) (0.62) 

Log F 20874 15716 12568 15402 12810 11856 

Note: Weekly returns for each stock index are calculated as the logarithmic difference in the closing prices for the 

four country’s equity markets. The factor MGARCH model combined with bivariate normal distribution estimated 

by maximizing the sample log-likelihood method. Model is estimated for period: January 2000 to July 2006. The 

conditional mean, variance and correlation processes given by:
t1,1t1, εαr += , t2,2t2, εαr += , 

, , 2
1t1,1

2
1t1,11

2
t1, εγσηβσ −− ++= 2

1t2,2
2

1t2,22
2

t2, εγσηβσ −− ++=
1t2,1t1,

1t2,1t1,
21t12,10t σσ

εε
wρwwq

−−

−−
− ++= , 

1)exp(q
1)exp(qρ

t

t
t12, +

−
= .* 
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denotes significance at the 5% levels, t-value is in the parentheses. 

 
Table 4. Average Linear Correlations of Weekly Correlation Series 

 PC KC QC DC FC 
PC 1.00000 0.57319 0.57960 -0.02191 -0.04690 
KC  1.00000 0.92810 0.00068 -0.00635 
QC  1.00000 0.00054 -0.00398 
DC  1.00000 0.58173 
Notes: The table presents the average correlation coefficient of six weekly correlation series in the full sample 

period from January 2000 to July 2006. The values presented in the table are computed by the method of the 

Pearson’s correlation. PC = the Pearson’s correlation, KC = the Kendall’s correlation, QC = the Quadrant correlation, 

DC = the dynamic conditional correlation multivariate GARCH, and FC = the factor MGARCH. 

 
Table 5. Mean Error Measures from Forecasting Weekly Stock Market Return Correlation 
MSE PC KC QC DC FC
S&P500-FTSE100 0.58279 0.19678 0.26276 0.00091 0.00000 
S&P500-Nikkei225 0.37616 0.34958 0.49793 0.00007 0.00000 
S&P500-Shanghai Composite 0.55082 0.14636 0.18069 0.01683 0.00020 
FTSE100-Nikkei225 0.29268 0.26191 0.38000 0.00063 0.00065 
FTSE100-Shanghai Composite 0.53628 0.14513 0.20000 0.00129 0.00025 
Nikkei225-Shanghai Composite 0.30517 0.46192 0.60414 0.00666 0.00140 
Average 0.44065 0.26028 0.35425 0.00440 0.00042 
PRM 
S&P500-FTSE100 0.21617 0.10856 0.12753 

 
0.00563 0.00001 

S&P500-Nikkei225 0.19025 0.15207 0.18774 0.00181 0.00002 
S&P500-Shanghai Composite 0.19731 0.12483 0.12733 0.03420 0.00207 
FTSE100-Nikkei225 0.17498 0.16130 0.18246 0.00557 0.00407 
FTSE100-Shanghai Composite 0.25396 0.13466 0.14984 0.00878 0.00020 
Nikkei225-Shanghai Composite 0.16154 0.20838 0.24360 0.02135 0.00570 
Average 0.19904 0.14830 0.16975 0.01289 0.00201 
Note: MSE = the mean squared error indicator, RPM = the relative performance measure.  

PC = the Pearson’s correlation, KC = the Kendall’s correlation, QC = the Quadrant correlation, DC = the dynamic 

conditional correlation multivariate GARCH, and FC = the factor MGARCH. The out-of-sample forecasting period 

is from January to July 2006. 
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Figure 1. Unconditional and Conditional Correlation among US and UK Equity Markets 
Note: The figure presents the five correlation series in the full sample period from January 2000 to July 2006. 
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(b) the Kendall’s correlation 
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(c) the Quadrant correlation 
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(d) the dynamic conditional correlation MGARCH 
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(e) the factor MGARCH 
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