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ABSTRACT
In this paper, a modern dynamic conditional correlation (DCC) technique by Engle (2002) has been employed to investigate statistical properties and estimation of high-frequency data for 3 Taiwan main market stock index returns across 5-min,10-min,15-min,30-min,90-min,270-min from Jan. 2, 2004 to June 29, 2007. After standardize all returns, dynamic correlation coefficients between the 3 stock market index returns are almost positive and time varying. The parameters show that the return series have a highly persistence of volatility and correlation. By inspecting the time series path of conditional correlations, we find the series of correlations appear to be stationary. Spot stock market return has higher correlation with Over the Counter market return than with Future market return. One Million People Against Corruption campaign caused different path of Over the Counter market and Spot market sharply turned down the correlation of them.

Keyword： DCC, high frequency, intraday, temporal aggregation

摘要

本文採用Engle(2002)發展的動態條件相關係數(DCC)方法來分析台灣三大股市市場指數，時間從2004年1月2日到2007年6月29日所建構的五分鐘、十分鐘、十五分鐘、三十分鐘、九十分鐘及二百七十分鐘報酬的統計特性及估計結果。在標準化所有報酬後，三大市場的動態相關係數幾乎都是正數，而且隨著時間變動而非固定不變，估計參數的結果顯示，波動性及相關係數都有很高的持續性，進一步檢視相關係數序列時，發現所有序列皆為定態，現貨市場和上櫃市場的相關係數高於現貨市場和期貨市場，百萬反貪腐活動則是造成了現貨市場和上櫃市場指數的相關係數呈現明顯的下降。

關鍵字：動態相關係數，高頻資料，日內報酬，時間聚合
I.INTRODUCTION
Traditional analysis of stock returns of long-term, including quarterly, monthly or even daily data, is not efficient to find the route of stock price. Speed of achieving equilibrium seems more attractive and critical. It is important in studying a variety of issues related to trading process and market microstructure poised to give the answer by high frequency financial data.  Although high frequency data have been analyzed in a number of research papers (Tany, and Ting, 2006； Tsay, and Yeh, 2003； Cho, Russell, Tiao and Tsay, 2003), the dynamic relationship of intraday returns between different market index is ignored in the empirical analysis of the market microstructure literature.

It was well-known that diversify by different assets with uncorrelated of returns can reduced the total risk of portfolio. Correlation was usually assumed to be constant and stable over time. However, many empirical studies that attempted to verify this finding have failed to confirm the validity of this assumption (Billio, Caporin and Goblo, 2006). In fact, most experienced practitioners could attest not only correlations increase in periods of high volatility but also both the magnitude and persistence of correlation is affected by volatility. 

In this paper, a modern dynamic conditional correlation (DCC) technique by Engel (2002) has been employed to investigate statistical properties of different market index across various frequencies. Since time series analysis can only capture limited information in terms of a particular time horizon, with frequency-varying dimension, we will have more complete knowledge of the dynamic relationship ranging from 5-min to daily data to make us of 3 stock market index in Taiwan .

This paper is organized out as follows. Section 2 introduces the data and summary statistics of returns for 3 stock indices. Section 3 describes our implementation of the DCC model. Section 4 empirical results are presented. Conclusions and further research are in section 5.

II.DATA AND SUMMARY STATISTICS 
This paper is based on the intraday data of 3 Taiwan stock market indices including Over the Counter Market index (OTC), Future Market Index (TIF), and Stock Market Index (TSE). The intraday 5-min scale values span the period from Jan 2, 2004, through June 29, 2007, including 1097 days covering the whole trading day of four-and-half hours starting from 9：00 to 13：30 (the same trading hour for 3 markets). The rate of return is defined as the first difference of the log index prices; 
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 represents the closing price of the ith market index at time t. We excluded the overnight returns, since it involves unusual information than other periods (Andersen and Bollerslev, 1997). We constructed 5-min, 10-min, 15-min, 30-min, 90-min and 270-min returns for each day of 3 market indices. The 5-min horizon is short enough that the accuracy of the continuous records of realized returns and volatility can be measured well; it is also long enough that the confounding influences from market microstructure frictions are negligible. It is well known that the volatility is higher when the market opens than during the middle of trading hours (Cho, Russell, Tiao and Tsay, 2003). Figure 1 to figure 5 plots the intraday volatility pattern for the 3 stock market indices. The volatility is defined as the standard deviation of each frequency returns. A clear U-shape pattern of intraday volatility is presented in each figure. Volatility is at the peak when the market opens and declines rapidly till 9：30 A.M. Volatility remains low most of the day but it jumps at the end of the trading hour. This figure clearly shows a deterministic pattern in the standard deviation. In order to handle the deterministic volatility pattern, every frequency return was standardized by its standard deviations. First, for each return, the standard deviation of the returns for each time interval bin was computed.  Then each interval return was divided by the corresponding standard deviation, which is the return series fitted in the DCC model.
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Table 1. Summary statistics of various frequencies for 3 stock market index returns

	 
	5-min
	10-min
	15-min
	30-min
	90-min
	270-min

	Panel A：OTC

	 
	5-min
	10-min
	15-min
	30-min
	90-min
	270-min

	Mean
	-0.034 
	-0.029 
	-0.033 
	-0.046 
	-0.025 
	0.035 

	Std.Dev.
	1.006 
	1.010 
	1.009 
	1.010 
	1.011 
	1.000 

	Max
	20.216 
	13.377 
	9.929 
	8.950 
	6.739 
	4.628 

	Min
	-19.598 
	-13.570 
	-11.365 
	-9.181 
	-7.123 
	-5.541 

	Skewness
	-0.067 
	-0.377 
	-0.420 
	-0.314 
	-0.268 
	-0.588 

	Kurtosis
	17.778 
	9.990 
	8.363 
	7.142 
	7.026 
	5.998 

	

	Panel B：TIF

	Mean
	-0.001 
	-0.001 
	-0.002 
	-0.005 
	-0.006 
	-0.019 

	Std.Dev.
	1.001 
	1.001 
	1.001 
	1.001 
	1.002 
	1.000 

	Max
	11.627 
	10.210 
	8.165 
	7.251 
	6.920 
	3.933 

	Min
	-10.165 
	-12.501 
	-11.311 
	-12.673 
	-7.950 
	-6.356 

	Skewness
	-0.246 
	-0.482 
	-0.404 
	-0.544 
	-0.546 
	-0.762 

	Kurtosis
	10.753 
	11.684 
	10.711 
	11.764 
	9.805 
	7.270 

	

	Panel C：TSE

	Mean
	-0.015 
	-0.013 
	-0.013 
	-0.018 
	0.002 
	0.044 

	Std.Dev.
	1.002 
	1.002 
	1.002 
	1.004 
	1.007 
	1.000 

	Max
	9.301 
	7.332 
	7.740 
	7.848 
	6.872 
	4.761 

	Min
	-11.881 
	-12.743 
	-11.159 
	-10.046 
	-7.892 
	-6.074 

	Skewness
	-0.148 
	-0.331 
	-0.362 
	-0.386 
	-0.369 
	-0.395 

	Kurtosis
	8.514 
	9.220 
	8.415 
	8.475 
	8.869 
	7.192 


Note：Std.Dev means standard deviation.
Table 1 is the summary statistics reporting intraday returns from 5-min to 270-min. As shown in Table 1, all average returns are negative except 270-min return of OTC, 90-min and 270-min returns of TSE。 Since every return was standardize, all standard deviations are nearly 1. The maximum returns are decreasing with increasing time intervals. OTC return has the largest maximum and the smallest minimum returns than other two market index returns except 90-min return. It means OTC return volatile heavier than other two stock market returns. 
 By comparing the skewness, we find that all returns have a negative sign. This indicates negative returns occur more often than positive returns. With respect to the kurtosis, all returns show narrow peaks than normal, since the kurtosis is larger than 3. Obviously, the 3 return series are heteroscedastic, fat-tail, do not follow normal distribution, so DCC with student–t distribution will be more appropriate in this paper.
III. Dynamic Conditional Correlation MODEL
Following Engle（2001）, the returns are assume as the following process after filtration.
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 is the k×k diagonal matrix of time varying standard deviations from univariate GARCH with 
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 is the time varying correlation matrix. The log-likelihood of this estimator can be written：
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 are the residuals standardized by their conditional standard deviation. 

The parameters of DCC model are estimated in two steps: 

First, the conditional variances for any individual asset can be obtained from the univariate GARCH-type model, time dependent volatilities, long memory in volatilities and asymmetries are empirically observed stylized facts in construction model. To take these into account as much as possible, we consider 8 models ：
（1）GARCH

（2）EGARCH

（3）GJR

（4）APARCH

（5）IGARCH

（6）FIGARCH

（7）FIAPARCH

（8）HYGARCH
Then, the proposed dynamic correlation structure is：
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where 
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 is the unconditional covariance of the standardized residuals resulting from the univariate GARCH-type equation at first step. And 
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The typical element of 
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The testing procedure is as follows. Estimate the univariate GARCH processes and standardize the residuals for each series. Then estimate the correlation of the standardized residuals, and jointly standardize the vector of univariate standardized residuals by the symmetric square root decomposition of the 
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. A limitation of this test is that it cannot differentiate from a dynamic correlation structure, and the test could be conducted as k (k-1) 
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How does the temporal aggregation affect the estimate of DCC model? Hafner (2007) has proved that the class of weak GARCH model is closed under temporal aggregation but, unsurprisingly, was unable to derive any analytical result for aggregating DCC model due to its nonlinear characteristic. While in the first step with univariate GARCH modeling, temporal aggregation weakens the GARCH effects; its impact on conditional correlation is unclear. It is even unclear if the DCC model is closed under temporal aggregation. Without the guidance of the econometric theory, the impact of aggregation and the choice of sampling frequency has to be analyzed by examining the DCC estimates at varying frequencies.
V. EMPIRICAL RESULTS

In table 2, all the t-statistics show a rejection of constant correlation coefficient hypothesis in favor of dynamic conditional correlation at the 1% level based on the likelihood ratio test statistic ; therefore, DCC models is more applicable. As presented in Table 1, the 3 stock market indices are fat-tail, so DCC-t model is employed here. Table 3 presents the log-likelihood of 8 DCC(1,1)-t-GARCH(1,1)-type models. As shown, HYGARCH has the largest log-likelihood at each frequency. So, DCC(1,1)-t-HYGARCH(1,1) is the best model in this paper. 

Table 4 shown the estimates of HYGARCH(1,1), almost of the estimated parameters are statistically significant, justifying the fact that stock return volatilities are characterized by a heteroscedastic process. Here, the parameter ω is the mean of volatilities, ψ、β、α describe the GARCH-properties, d is the long memory parameter. The evidence of long memory process could be found in the results of the estimated parameters d are all statistically significant, range from 0.22625 to 0.51565 for OTC, from 0.192202 to 0.92454 for TIF, from 0.150331 to 0.498329 for TSE, respectively. The greater estimated parameters d for TIF than TSE at various frequencies. Note that half number of the hyperbolic parameters log(α) are not significant from zero in the models.

Table 2. Constant correlation coefficient test
	
	lags
	t-value
	p-value

	5-min
	10
	651.54
	0***

	10-min
	10
	498
	0***

	15-min
	10
	314.26
	0***

	30-min
	10
	358.12
	0***

	90-min
	10
	84.53
	0***

	270-min
	10
	56.77
	0***


Note：all statistics are significant at 1% level.

Table 3. Log-likelihood of 8 DCC(1,1)-t-GARCH(1,1)-type models for various frequencies

	
	GARCH
	EGARCH
	GJR
	APARCH
	IGARCH
	FIGARCH
	FIAPARCH
	HYGARCH

	5-min
	-199047.049
	-198553.084
	-199017.768
	-198914.463
	-199183.45
	-198196.341
	-198240.387
	-198046.417

	10-min
	-91364.178
	-91428.756
	-91364.62
	-91312.676
	-91480.948
	-91005.649
	-90991.83
	-90953.246

	15-min
	-58410.303
	-58412.224
	-58409.772
	-58359.66
	-58503.683
	-58170.73
	-58156.408
	-58125.295

	30-min
	-28076.463
	-27919.145
	-28083.374
	-28047.799
	-28154.627
	-27899.843
	-27901.025
	-27889.983

	90-min
	-9381.56
	-9390.055
	-9393.607
	-9388.597
	-9400.304
	-9390.966
	-9382.65
	-9379.643

	270-min
	-3202.423
	-3212.942
	-3205.957
	-3221.756
	-3217.517
	-3201.443
	-3213.807
	-3200.28


Table 4.  Parameters of HYGARCH(1,1) for various frequencies

	
	5-min
	10-min
	15-min
	30-min
	90-min
	270-min

	OTC

	ω
	-0.007289*
	-0.012821***
	-0.019697***
	-0.028111***
	0.001606
	0.076379***

	
	(0.004012)
	(0.004963)
	(0.006039)
	(0.008910)
	(0.015463)
	(0.029116)

	d
	0.310135***
	0.250351***
	0.22625***
	0.298785***
	0.51565***
	0.290117*

	
	(0.044557)
	(0.036455)
	(0.038046)
	(0.067105)
	(0.141550)
	(0.150600)

	ψ
	0.676756***
	0.297776***
	0.111517
	0.372169***
	0.283095***
	-0.044381

	
	(0.038853)
	(0.042488)
	(0.080854)
	(0.083234)
	(0.073052)
	(0.257980)

	β
	0.787532***
	0.482373***
	0.292079***
	0.562932***
	0.68063***
	0.198797

	
	(0.025007)
	(0.052055)
	(0.092904)
	(0.104250)
	(0.095099)
	(0.281400)

	log(α)
	0.037178
	0.111469**
	0.134219*
	0.034587
	-0.057089
	-0.057242

	(0.043876)
	(0.056861)
	(0.077051)
	(0.067126)
	(0.044385)
	(0.252880)


TIF

	ω
	0.009421***
	0.010795**
	0.010521**
	0.011568
	0.005648
	0.002898

	
	(0.002913)
	(0.004233)
	(0.005284)
	(0.008065)
	(0.014735)
	(0.026086)

	d
	0.259375***
	0.231868***
	0.192202***
	0.20926***
	0.92454***
	0.974721***

	
	(0.029662)
	(0.035303)
	(0.042195)
	(0.054800)
	(0.078118)
	(0.118580)

	ψ
	0.471699***
	0.188028***
	0.146473
	0.846598***
	0.122138*
	-0.061736

	
	(0.028059)
	(0.063807)
	(0.135720)*
	(0.065763)
	(0.071161)
	(0.081767)

	β
	0.616635***
	0.334157***
	0.250027
	0.877216***
	0.94874***
	0.910749***

	
	(0.028469)
	(0.071575)
	(0.147700)
	(0.051384)
	(0.020693)
	(0.053928)

	log(α)
	0.110165***
	0.117287*
	0.182294*
	0.133176
	-0.008577
	-0.021661

	(0.040698)
	(0.063130)
	(0.107830)
	(0.109850)
	(0.005585)
	(0.016146)


TSE

	ω
	0.000309
	-0.005052
	-0.005807
	-0.006467
	0.019002
	0.08273***

	
	(0.003283)
	(0.004514)
	(0.005631)
	(0.008384)
	(0.014921)
	(0.026323)

	d
	0.150937**
	0.198365***
	0.150331***
	0.175324***
	0.498329**
	0.323294***

	
	(0.035555)
	(0.033949)
	(0.032668)
	(0.062953)
	(0.319308)
	(0.124440)

	ψ
	0.641513***
	0.259954***
	0.125177*
	0.578259***
	0.319308***
	0.022774

	
	(0.043596)
	(0.046573)
	(0.074646)
	(0.096132)
	(0.116550)
	(0.218020)

	β
	0.689145***
	0.427451***
	0.26738***
	0.682686***
	0.765822***
	0.328812

	
	(0.040361)
	(0.055954)
	(0.082644)
	(0.092186)
	(0.115710)
	(0.258940)

	log(α)
	0.355582***
	0.192464**
	0.326529***
	0.238962
	-0.014357
	-0.000157

	
	(0.130760)
	(0.079315)
	(0.126190)
	(0.168660)
	(0.034738)
	(0.154720)


Note：The superscript, ***,**,*, indicates the statistical significance at 1％,5％,10％
The evidence presented in Table 5 indicates the news parameter αm range from 0.003381 to 0.022764, while the βn range from 0.913466 to 0.99579 ,  αm  +βn  are also very close to 1 for 3 stock market indices, indicating a high degree of persistence of correlation in intraday return. The estimated parameters αm are increasing with the increasing time intervals, βn and αm  +βn are decreasing with the increasing time intervals after 10-min. 10-min becomes a critical point for these three estimated parameters. The degree of freedom decrease with increasing time intervals before 90-min.  By examining the dynamic correlation between the 3 stock market returns over time from figure 6 to figure 11, several findings are as follows：first, although the return correlation coefficients are almost positive at various frequencies(except October 24,2006) but obviously the correlations are time varying, consistent with the CCC test results in Table 2. Second, the series of correlations appear to be stationary without an obvious increasing or decreasing trend. Third, TSE has higher average correlation with OTC than with TIF. OTC and TIF have the lowest average correlation at various frequencies. Fourth, the largest volatility of correlation coefficient series is at 5-min, the smallest is at 30-min for three market indices. Fifth, correlation coefficient path for OTC and TIF, OTC and TSE were sharply down during October 24, 2006. The One Million People Against Corruption campaign spread like wildfire. The path of OTC index was different from TSE, so the correlation coefficients between them were fastly turned from positive to negative. 
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Figure 6.  Correlation path of 5-min return
Table 5.  parameters of HYGARCH(1,1)-DCC(1,1)-t for various frequencies

	
	5-min
	10-min
	15-min
	30-min
	90-min
	270-min

	αm
	0.004521***
	0.003381***
	0.003446***
	0.004277***
	0.009326***
	0.022764*

	
	(0.000571)
	(0.000426)
	(0.000487)
	(0.001461)
	(0.001825)
	(0.011850)

	βn
	0.994336***
	0.99579***
	0.995682***
	0.992808***
	0.98468***
	0.913466***

	
	(0.000820)
	(0.000631)
	(0.000755)
	(0.003545)
	(0.003783)
	(0.080558)

	d.f
	8.570778***
	7.18827***
	6.725163***
	5.960068***
	5.694754***
	7.16121***

	
	(0.148780)
	(0.144840)
	(0.153850)
	(0.166490)
	(0.260410)
	(0.885650)

	αm+βn
	0.998857
	0.999171
	0.999128
	0.997085
	0.994006
	0.93623


Note：The numbers in the parentheses are standard errors. ***indicates significant at 1％, * significant at 10％.  d.f. means degree of freedom.
Table 6. Summary statistics of conditional correlation coefficient series for 3 market indices

	
	5-min
	10-min
	15-min
	30-min
	90-min
	270-min

	OTC & TIF

	mean
	0.308860 
	0.472952 
	0.558151 
	0.645829 
	0.653161 
	0.665239 

	std.dev
	0.057631 
	0.043077 
	0.039191 
	0.027651 
	0.040643 
	0.035302 

	max
	0.475644 
	0.613335 
	0.651568 
	0.720312 
	0.749269 
	0.763069 

	min
	-0.128557 
	0.346198 
	0.430415 
	0.507512 
	0.441263 
	0.481221 

	range
	0.604201 
	0.267137 
	0.221154 
	0.212799 
	0.308006 
	0.281848 


OTC & TSE

	mean
	0.608915 
	0.734968 
	0.783558 
	0.815704 
	0.812698 
	0.813252 

	std.dev
	0.107962 
	0.061137 
	0.045505 
	0.025745 
	0.036517 
	0.030848 

	max
	0.799538 
	0.836709 
	0.858283 
	0.876508 
	0.887351 
	0.892505 

	min
	-0.390022 
	0.544092 
	0.621819 
	0.723231 
	0.630770 
	0.614082 

	range
	1.189560 
	0.292617 
	0.236464 
	0.153277 
	0.256581 
	0.278422 


TIF & TSE

	mean
	0.570877 
	0.693030 
	0.738293 
	0.786050 
	0.775698 
	0.761997 

	std.dev
	0.051794 
	0.037054 
	0.030452 
	0.020293 
	0.030282 
	0.025705 

	max
	0.700853 
	0.778304 
	0.825174 
	0.839321 
	0.851548 
	0.834743 

	min
	0.330734 
	0.538612 
	0.611006 
	0.674852 
	0.668126 
	0.593415 

	range
	0.370119 
	0.239692 
	0.214168 
	0.164468 
	0.183422 
	0.241327 


VI. CONCLUSION
This paper is intended as an empirical study on dynamic condition correlation model by using various high-frequency data of 3 stock market indices to conduct an empirical study on dynamic conditional correlation (DCC) model. Dynamic conditional correlation coefficients between the 3 stock market index returns over time are almost positive and time varying. The parameters show that the return series have a highly persistence of correlation and volatility. By inspecting the path of conditional correlations, we find TSE has higher average correlation with OTC than with TIF, OTC and TIF have the lowest average correlation at various frequencies. The series of correlations appear to be stationary. October 24,2006, One Million People Against Corruption campaign sharply turned down the correlation of OTC with TIF and TSE because the different path of the spot market and over the counter market.
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Figure 7.  Correlation path of 10-min return
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Figure 8.  Correlation path of 15-min return
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Figure 9.  Correlation path of 30-min return
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Figure 10.  Correlation path of 90-min return
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Figure 11.  Correlation path of 270-min return
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Figure 1.  Volatility pattern of 5-min return for 3 stock market index
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Figure 2.  Volatility pattern of 10-min return for 3 stock market index
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Figure 3.  Volatility pattern of 15-min return for 3 stock market index
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Figure 4. Volatility pattern of 30-min return for 3 stock market index
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Figure 5. Volatility pattern of 90-min return for 3 stock market index
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� The assumptions of multivariate normality is not required for consistency and asymptotic normality of the estimated parameters. When the returns have non-Gaussian innovations, the DCC estimator can be interpreted as quasi-maximum likelihood estimator.(Engle,2002)
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