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Hedge Strategies and Optimal Hedge Ratio

1. One-to-one strategy

Set β = 1

Works when both markets are highly (perfectly) 
correlated
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2. Variance minimisation

Optimal hedge ratio 
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Correlation Analysis

Time-varying optimal hedge ratio:
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Time varying correlations
Bivariate volatility (GARCH) models
1. Dynamic conditional correlation – DCC (Engle, 

2002)
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Copula dependence
Bivariate copula dependence structure

Sklar (1959)

Patton (2001) - copula time series
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Time varying correlations
Bivariate volatility (GARCH) models

2. Threshold GARCH-t  marginal structure
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Black (1976)   So, Chen and Chen (2005)
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Time varying correlations
Futures returns marginal
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We allow an explosive volatility process:

Medeiros and Veiga (2005), Wong and Li (2001),
Gerlach and Chen (2007)
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Copula-Threshold-GARCH Model [Cont.]
Copulas considered

Gaussian
Student-t
Clayton (1978)
Gumbel (1960)
Mixture of Clayton and Gumbel (Li, 2000; Hu, 
2003) 
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Copulas and Tail dependence
ρ = 0.93
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Tail dependence
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Elliptical Copulas
Gaussian

Student’s t
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Archimedean Copulas
Clayton

Gumbel
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Time-varying linear dependence

Patton (2001)  Bartram, Taylor and Wang 
(2004)
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Clayton and Gumbel copulas

Copula δ, Kendall’s τ and ρ
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Estimation

Inference for margins, IFM (Joe and Xu, 1996) 
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Markets considered
Spot price indices are 
1. Hong Kong: Hang Seng Price Index (HNGKNGI)
2. Japan: Nikkei 225 Stock Average Price Index (JAPDOWA)
3. Korea Stock Exchange Composite Price Index (KORCOMP)
4. Singapore: Straits Times Price Index (SNGPORI)
5. Taiwan Stock Exchange Capitalization weighted Stock Index (TAIEX)

The corresponding futures stock price indices are 
1. Hong Kong Futures Exchange Hang Seng Index (HSI)
2. Japan: Osaka Stock Exchange Nikkei 225 Index (ONA)
3. Korea Stock Exchange KOSPI 200 Index (KKX)
4. Singapore International Monetary Exchange Straits Times Index (SST)
5. Taiwan Futures Exchange Index (TAIFEX). 

Sample period: January 1, 1998 - June 10, 2005

19

Estimates from TGARCH – spot returns

20

Estimates from TGARCH – futures returns
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Tail dependence - HK
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MixGumClayStud-tGau

-0.24-0.22-0.28-0.13-0.20π

0.790.840.830.800.86λ

0.21  (q=0.26)0.160.170.20 (ν =4.0)0.14ϕSin

-0.13-0.15-0.27-0.13-0.07π

0.950.890.950.950.88λ

0.49  (q=0.22)0.400.450.46 (ν =6.0)0.15ϕJap

-0.12-0.08-0.28-0.13-0.11π

0.510.900.520.450.38λ

0.47  (q=0.19) 0.10.450.54 (ν =4.8)0.60ϕHK
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Descriptive
statistics 
for ρ
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Summary of
estimated
hedge 
ratios

min

Highly volatile volatilestable max min 
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figure;plot(betdcc,'g');figure(gcf)
�hold on;

�plot(betgu,'c');figure(gcf)
�plot(betcl,'r');figure(gcf)

�plot(betga,'b');figure(gcf)
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HONG KONG  -- hedge ratios
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Difference in mean return

O0.00096 DCCBest Traditional

0.00004 0.0038 0.0014 0.0149 0.0010 GumbelBest Copula

Taiwan 

X0.0054 UnhedgedBest Traditional

0.0004 0.0015 0.0024 -0.0028 0.0026 MixtureBest Copula

Singapore 

X0.0460 UnhedgedBest Traditional

0.0021 0.0107 0.0233 -0.0308 0.0152 ClaytonBest Copula

Korea 

O0.0011 DCCBest Traditional

0.0002 0.0024 0.0013 0.0156 0.0013 Normal Best Copula

Japan 

X0.0164 UnhedgedBest Traditional

-0.0008 0.0048 0.0076 -0.009 0.0071 GumbelBest Copula 

Hong Kong

DCCOLS1-to-1UnhedgedMean

(the higher the better)

Difference in mean returns

competing
p

copula
p RR −
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O0.38115 DCCBest Traditional

-0.25%-1.99%-26.0%-203.3%0.38021 Normal Best Copula

Taiwan 

X0.2124 OLSBest Traditional

-0.35%2.44%-12.6%-82.2%0.2176 Student-
tBest Copula

Singapore 

O0.8578 DCCBest Traditional

-0.68%-2.34%-32.0%-82.8%0.8520 MixtureBest Copula

Korea 

X0.1942 OLSBest Traditional

-0.20%0.01%-5.8%-90.7%0.1942 Normal Best Copula

Japan 

O0.2860 DCCBest Traditional

-1.90%-2.24%-26.5%-89.7%0.2806 Normal Best Copula

Hong Kong 

DCCOLS1-to-1UnhedgedVariance

(the lower the better)

Percentage of variance reduction
Hedge -- difference in return variance

( ) /copula traditional traditional
p p pV V V−
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Summary
Gaussian and Mixture copulas provide the best risk 
reduction for Hong Kong, Taiwan and Korea

OLS provides the best-performed hedge ratio  for 
risk reduction for Japan and Singapore

Copula strategies provide close to the best returns 
among all hedge strategies.

All copulas (bar Clayton) out-perform DCC model in 
risk reduction in all markets


