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Abstract

The standard approaches to estimating minimum variance hedge ratios (MVHRs) are mis-specified when futures prices are subject to price limits. This paper proposes a bivariate tobit-FIGARCH model with maturity effects to estimate dynamic MVHRs using single and multiple period approaches. Simulations and an application to a commodity futures hedge support the proposed approach and highlight the importance of allowing for price limits when hedging.    
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1. Introduction

The conventional futures hedging framework typically assumes a given spot position and an expected mean variance utility function (see Chen et al, 2003 and Lien and Tse, 2002 for comprehensive reviews of the hedging literature). The optimal hedge ratio seeks to maximise the expected profit from the hedge adjusted for risk. The minimum variance hedge ratio (MVHR) is a special case of the optimal hedge ratio and has been the focus of much academic research. The two hedge ratios are equal if the futures price follows a martingale process or if the hedger is extremely risk averse.

Much of the recent literature has questioned the use of the mean variance framework and sought to improve the methods of MVHR estimation. The lower partial moment and the mean-Gini approach have been proposed as alternative measures of risk when hedging (see for example Lien and Tse, 1998; Kolb and Okunev, 1992). The improved methods of MVHR estimation have focused on the presence of time varying covariances and cointegration between the spot and futures (see for example Kroner and Sultan, 1993). More recently Chen et al (1999) proposed modeling the spot and the basis (the difference between the futures and the spot), to allow for the effects of basis convergence. Dark (2007) extended this by allowing for long memory in volatility and explicitly examined the effects of basis convergence on the MVHR.    

There is extensive research examining the effects of price limits on futures prices. This is not surprising given the survey by Hall and Kofman (2001) which found that two-thirds of exchanges use price limits (mainly on commodity futures). The research has examined the role of price limits on price discovery (Lee et al, 1994; Ma et al, 1989b), long term price dependence (Kao and Ma, 1992), futures unbiasedness (Kodres, 1993), thin-tailedness of return distributions (Yang and Brorsen, 1995), the significance of regression coefficients (Roll, 1984), price changes (Ma et al, 1989a; Chen, 1993) and volatility (Ma et al 1989a, 1989b; Kuhn et al, 1991; Chen 1993).
 
Despite this large body of research, the effect of futures price limits on hedge ratio estimation has been largely ignored. Price limits truncate the distribution of the true futures price changes, lowering the variance of the observed series. Price limits will also affect the observed correlation between the spot and futures price changes, which is a measure of basis risk. Ignoring price limits may therefore lead to inconsistent parameter estimation and biased hedge ratio estimates. An examination into the effect of price limits on the estimation of MVHRs is therefore of great importance. 
Kodres (1993) and Yang and Brorsen (1995) employed univariate tobit autoregressive GARCH processes to model futures prices subject to price limits. If the futures price settles at either its lower or upper price limit for the day, the true price change for the day is unobserved. Kodres (1993) and Yang and Brorsen (1995) therefore treat the censoring of the regressors in the mean (the AR component) as an errors in variables problem. The dependant variable is not proxied but modeled using the tobit framework. Kodres (1993) examines currency futures and is therefore able to proxy the true futures price by employing a covered interest parity condition. Yang and Brorsen (1995) proxy the difference between the true futures price and the observed limit price with a variable that is a function of the basis. 
The contributions of the paper are as follows. First, the paper represents the first attempt to allow for price limits when estimating dynamic MVHRs. A bivariate tobit-FIGARCH model with maturity effects is proposed as a way of modeling the dynamics between spot and futures markets when futures prices are subject to price limits. The approach of Chen et al (1999) is used to model the joint dynamics via the spot and the basis. The specification has the advantage of allowing for maturity effects and it is easily adjusted to allow for price limits via the tobit procedure proposed by Kodres (1993) and Yang and Brorsen (1995). The second contribution of the paper is that it provides a further examination into the importance of long memory in volatility when dynamic hedging. Dark (2007) demonstrated the benefits of allowing for long memory when employing a single period (SP) MVHR that required one period ahead forecasts. The multi-period (MP) MVHR employed smoothed the impact of the maturity effects. The benefits of using a long memory model over a short memory model were therefore shown to be marginal. This paper modifies the dynamic programming technique of Lien and Luo (1994) to derive a MP MVHR that allows for basis convergence (herein referred to as a DP MVHR). Because the approach relies on long term covariance forecasts (and it doesn’t smooth the maturity effects), the benefits of employing a long memory volatility model when estimating a MP MVHR are more clearly demonstrated. Third, it is argued that because the relative performance of alternative estimation methods is a function of the evolution of the stochastic return processes, a large number of hedges should be considered. The paper therefore proposes the use of simulation techniques to determine the most appropriate method of estimating MVHRs for a given data set.  

Simulation results show that failure to allow for price limits will increase the bias and RMSE of the estimated parameter vector. This is particularly evident for the estimates of the correlation between the spot and the basis. As the percentage of limit days increase beyond 5%, the bias in the estimated correlation increases dramatically. This result has important implications for the estimation of MVHRs. Adjusting for price limits via the tobit procedure provides statistically significant improvements in portfolio variance that average between 2% to 5%. The right skew in the distribution of gains indicates that most of the time the tobit procedure provides little if any improvement, however on occasions substantial reductions in portfolio variance will be obtained. The results also show that when returns follow a long memory volatility process, failing to allow for long memory will produce statistically significant increases in portfolio variance that average between 1% to 4%. 

Section 2 outlines the methodology including the proposed model, methods of dynamic MVHR estimation and justification for the use of simulation techniques. Section 3 provides an empirical application via a soybeans hedge and Section 4 performs the simulation. Section 5 concludes.
2. Methodology
2.1 Model
To introduce the model, let 
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 denote the observed spot and futures price at time t and let L represent the price limit. Define the observed basis at time t, 
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 Following Yang and Brorsen (1995), the observed futures price at time t, is
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then the 
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 This paper therefore proposes modeling the spot basis dynamics via the following bivariate dynamic correlation (DC) Tobit-FIGARCH model with maturity effects
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where 
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 is a dummy equal to unity on rollover of the futures contract and zero otherwise, 
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 is a maturity effect variable equal to the number of days to maturity of the futures contract (divided by 100), 
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. Following Kodres (1993), the RHS of Equation (6) is treated as an error in variables problem, while the LHS is treated as a limited dependent variable. To proxy 
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Yang and Brorsen (1995) construct the leftover variable as
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where 
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 if a price limit is hit on day t and zero otherwise. Equation 11 can therefore be re-written as
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The final model to be estimated therefore consists of equations 5, 7, 8, 9, 10 and 13.
  The model is estimated via quasi maximum likelihood (QMLE). Let 
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and 
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For comparative purposes a number of other models will also be estimated: i) bivariate DC FIGARCH model without the tobit correction (this model consists of equations 5 to 10 and has the conventional LL function i.e.
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 in equation 14); ii) bivariate DC GARCH model with and without tobit correction (these models replace equation 8 with the GARCH(1,1) specification, 
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 for i = s, b); iii) constant correlation (CC) versions of the FIGARCH and GARCH models with and without the tobit correction (these models impose 
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2.2 MVHR estimation

Each of the estimated models will be used to forecast three alternative dynamic MVHRs. Let t = 0, denote the current time period and assume that a futures position will be held until the expiration of the hedge at time T. The first approach, the single period MVHR (SP-MVHR) seeks to minimise the variability in hedged portfolio returns period by period conditional upon the information set available at time t. This is the conventional approach to dynamic MVHR estimation. To allow for basis convergence this approach is modified by Chen et al (1999) as follows  
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(15)
The second approach employs the multi-period MVHR (MP-MVHR) in Dark (2007). Here the multi-period MVHR of Lee (1999) is modified to allow for basis convergence. The hedger seeks to minimize the variability in wealth over the life of the hedge conditional on the information at time t. The dynamic MP-MVHR at time t equals 
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where 
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The above multi-period approach smoothes the impact of the maturity effect on the MVHR. This paper therefore proposes the use of dynamic programming techniques to derive an alternative multi-period MVHR. The dynamic programming MVHR (DP-MVHR) chooses the optimal sequence of futures positions to minimise the variability of wealth over the life of the hedge conditional upon the information set at time t. At the final decision point t = T-1, the hedger chooses 
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where 
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where 
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 cannot be directly obtained from the model output, a simulation approach is employed (see appendix for further details).

2.3 The Impact of Price Limits on the MVHR and the need for simulation techniques
Futures price limits will decrease the observed futures variance (
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 is therefore difficult to determine. The effect of price limits on maturity effects will depend on where the limit days occur relative to the maturity of the futures contract. If a limit day occurs a long way out from expiration, the tobit correction will increase the estimated maturity effects. If the limit day is close to expiration, the tobit correction will decrease the estimated maturity effect.

Let 
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 denote the bias from failing to allow for price limits in the spot-futures correlation, futures standard deviation, MVHR, spot-basis covariance, basis standard deviation and maturity effect at time t respectively. The magnitude of each of these biases is a function of the evolution of the stochastic processes 
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will depend on the number of limit days and where they occur relative to the maturity of the contract. The bias is therefore heavily a function of the stochastic nature of the futures return series. For a given data generating process (DGP), one sample may therefore provide a very different set of biases to another sample. The bias in the SP-MVHR from failing to make the tobit correction at time t-1, can be expressed as
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Given that 
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may be positive or negative, the magnitude and direction of 
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 appears to be mathematically intractable. The situation becomes even more complex for the MP and DP MVHRs.
 A simulation study is therefore the most appropriate way of examining the importance of price limits on hedging performance.
3. Application

3.1 Data

This paper considers hedging a soybeans spot exposure. Daily soybeans spot and futures prices are employed from May 4, 1992 to October 19, 2006, a total of 3775 observations. Both series are obtained from Datastream. The futures series is constructed using the nearby contract with rollover occurring on the first day of the expiration month.  
From May 4, 1992 to August 26, 2000 the Chicago Board of Trade (CBOT) imposed price limits of $0.30/bushel. Over this period, if a limit was hit, the price limit was expanded to $0.45/bushel for the next three days. From August 27, 2000 onwards, the price limit was $0.50/bushel with no more expansion in the price limit. No price limits are imposed on the expiring contract during the delivery month or on the two business days prior to the first day of the delivery month. The price limits used are per the Records Center for the CBOT. There are a total of 21 limit days (14 lower, 7 upper) representing 0.6% of the sample.
 
3.2 Model Results

Table 1 presents selected results from the bivariate CC-Tobit-FIGARCH model.
 The model was estimated using the observations up to and including June 16, 2006, a total of 3685 observations. The parameter estimates are very similar to the DC-Tobit-FIGARCH estimates. While the DC models provide a better in sample fit than their CC counterparts, the results and conclusions are insensitive to the use of the CC or DC models. Diagnostics suggest that there is some remaining serial correlation in the basis equation. Engle and Ng (1993) tests find no evidence of asymmetries in volatility and Nyblom (1989) tests support the stability of the parameters.


(Insert Table 1) 
The tobit procedure produced statistically significant estimates of 
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). The tobit procedure had very little impact on most of the parameters, producing a slight increase in the estimated correlation from -0.19 to -0.17 and a slight increase in the estimated maturity effects (both 
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3.3 Hedging Outcomes

The out of sample hedging performance of the eight models were compared to the unhedged, naïve and OLS MVHR (obtained via a regression of the spot return against the futures return). Five, twenty, forty, sixty and eighty day hedges are constructed commencing on June 16, 2006. The procedure is then repeated for hedges of the same duration that commence the following period. This is repeated 8 times. Each model therefore generates 10 portfolio variances for each method of MVHR estimation over each hedge horizon. The last soybean hedge commences on June 29, 2006.  

(Insert Table 2)

Table 2 - Panel A presents the percentage increase in portfolio variance from failing to use the DP-MVHR relative to the alternative MVHRs for the CC-Tobit-FIGARCH model. The mean/median for each horizon is based on the relevant 10x1 vector. For example, the mean/median percentage increase in variance from using the SP-MVHR over the DP-MVHR is calculated as the mean/median of the 10x1 vector, where each element is calculated via 
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represent the portfolio variances for the SP-MVHR and DP-MVHR respectively. Panel B examines the mean/median percentage increase in portfolio variance from failing to make the tobit correction. The mean/median for each horizon is based on a 10x1 vector, where each element is calculated via 
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represent the portfolio variances for the CC FIGARCH model and the CC-Tobit-FIGARCH model respectively. Panel C examines the percentage increase in portfolio variance from failing to allow for long memory in volatility. The mean/median for each horizon is based on a 10x1 vector, where each element is calculated as 
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represent the portfolio variances for the CC-Tobit-GARCH and CC-Tobit-FIGARCH models respectively.

The results highlight the following. First, the DP-MVHR outperformed the Naïve, OLS and MP-MVHR hedges. The performance relative to the SP-MVHR is mixed with the differences possibly being statistically insignificant. Second, the tobit correction seems to actually worsen the result, however the differences may not be statistically significant. Third, failing to allow for long memory led to slight increases in portfolio variance (this also held when comparing the FIGARCH and GARCH models without the tobit correction). Fourth, the CC models consistently provided lower portfolio variances than their DC counterparts (the DC model results are comparable and are available on request). Finally, the results in Panels A and B were insensitive to the use of a FIGARCH or a GARCH specification (the GARCH results are also available on request).
4. Simulation

The empirical application above suffers from two limitations. First, a comparison of alternative methods of ex ante MVHR estimation requires a larger number of hedges to be considered given the stochastic nature of the returns (as discussed in Section 2.3). Second, the MVHRs for each model have overlapping time periods. The statistical significance of the differences in the portfolio variances therefore cannot be tested. This section therefore proposes the use of simulation techniques to determine the most appropriate method of MVHR estimation for soybeans. 
The underlying DGP is assumed to be the estimated CC-Tobit-FIGARCH(1,d,1) model presented in Table 2. The simulations generate 3080 bivariate observations assuming conditional normality. The price limit is then imposed on the underlying data and the series adjusted accordingly. The first 3000 observations are used for parameter estimation and the remaining 80 observations set aside for out of sample forecasting of MVHRs.  The simulation compares the unhedged, naïve and OLS portfolio variances to those obtained using the SP, MP and DP MVHR for the CC-Tobit-FIGARCH, CC-Tobit-GARCH, CC-FIGARCH and CC-GARCH models. Ex-ante hedging horizons of 5, 20, 40, 60 and 80 periods are considered. The procedure is repeated another 499 times. 
Two experiments are considered, the first imposes price limits of 50c, the second imposes price limits of 30c. Figure 1 displays the frequency distribution of the number of limit days for both experiments. As expected, the number of limit days increases with a decrease in the price limit.
 

(Insert Figure1)


Table 3 compares the bias and RMSE of the
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 estimates for the CC-Tobit-FIGARCH and CC-FIGARCH models. The Table reveals that failing to allow for price limits increases the bias and RMSE of the parameters, with the greatest impact falling on the 
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 estimates for experiment 1 against the number of limit days (experiment 2 produced a similar graph). Figure 2 demonstrates that as the number of limit days exceeds 150 (5% of the sample), a significant bias in the estimate of 
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 occurs. This bias increases substantially as the frequency of limit days increases. The tobit procedure seems to do a good job at estimating the correlation even when the number of limit days are large.
  


(Insert Figure 2)

Table 4 presents the simulated percentage increases in portfolio variance for experiment 1. The Table is comparable to Table 2. The major difference is that the means and medians are based on 500x1 vectors (instead of 10x1 vectors) and that tests of the statistical significance between the differences can be performed. The differences in the means are tested via the matched pairs t test. The differences in the medians are tested via the Wilcoxon matched pairs signed rank test. The test statistics appear in brackets beneath the relevant measure of central location.
Panel A reports the percentage increase in portfolio variance relative to the DP MVHR for the CC-Tobit-FIGARCH model. The results demonstrate that all dynamic MVHRs outperform the static MVHRs over all horizons. The DP MVHR clearly outperforms the MP MVHR with the percentage increase in portfolio variance increasing with the hedge horizon. The SP MVHR however slightly outperforms the DP MVHR at longer horizons. The rest of the analysis therefore focuses on the SP and DP MVHRs.
Figure 3a examines the % increases in portfolio variance from using the CC FIGARCH model over the CC-Tobit-FIGARCH model for a 5 period hedge with a 50c price limit. This figure was very similar for the other horizons in experiments 1 and 2. Figure 3a is consistent with Figure 2 which demonstrates that the tobit correction is relatively unimportant when the number of limit days is less than 150 (5% of the sample). As the number of limit days increase, the tobit correction has an increasingly important effect on the portfolio variance. Panel B in Table 4 therefore reports the % increase in portfolio variance from failing to adjust for price limits when the number of limit days exceed 150 (5% of the sample).
 The positive and marginally significant increases in the mean portfolio variance (ranging from 2% to 5%) and the insignificant median increases are consistent with the right skew that is evident in Figure 3a. (It should be noted that the power of the tests is reduced because the sample size has been decreased from 500 to 112). This result suggests that on most occasions the tobit adjustment will make little if any improvement to the portfolio variance (and at times it may actually produce worse results!). However on average, failing to adjust for price limits will be costly because there will be occasions where this will result in a large increase in portfolio variance.  

(Insert Figure 3)


Finally, Panel C demonstrates that failing to allow for long memory in volatility will produce an average increase in portfolio variance of 1% to 4% irrespective of whether the SP or DP MVHR is employed. This result is insensitive to the number of limit days, see for example Figure 3b. Figure 3b also reveals that on occasions a mis-specified GARCH model will outperform the correctly specified FIGARCH model. Figures 3a and 3b therefore demonstrate the importance of using simulation techniques to assess the hedging performance of alternative models. Drawing inference from estimated hedge ratios at one point in time is unlikely to represent the relative performance of the alternative methods given the stochastic nature of the processes involved. 
5. Conclusion
This paper proposed a bivariate tobit FIGARCH model between the spot and the basis as a way of modeling the dynamics between spot and futures markets, when the futures are subject to price limits. The results demonstrate that when the number of limit days exceed 5% of the sample, failing to allow for price limits will produce biased estimates of the MVHR, resulting in an increase in portfolio variance of between 2% to 5%. The results also show that when returns follow a long memory volatility process, failing to allow for long memory will produce increases in portfolio variance of between 1% to 4%. The performance of the proposed dynamic programming (DP) MVHR is comparable to the much simpler SP MVHR. The increased complexity of the dynamic programming technique therefore suggests that the SP MVHR is the preferred approach. 
Table 1 Estimated CC-Tobit-FIGARCH model
	Mean
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	0.48

(3.25)
	0.22

(1.74)
	0.25

(1.99)
	-1713.10

(-52.56)
	128.45

(2.02)

	Covariance
	
[image: image114.wmf]s

d


	
[image: image115.wmf]s

b


	
[image: image116.wmf]b

d


	
[image: image117.wmf]b

b


	
[image: image118.wmf]sb

r



	
	0.48

(4.50)
	0.62

(5.44)


	0.33

(1.80)
	0.21

(1.48)
	-0.17

(-6.58)

	Diagnostics
	Log likelihood = -8885.37
SIC = 4.871
	Qs(20) = 29.07
Qb(20) = 63.77
	Q2s(20) =11.25
Q2b(20) = 5.76
	


Q(20) and Q2(20) represent the Box Pierce statistics for the standardized and squared standardized residuals.
Table 2 Relative hedging performance of selected approaches 
	
	MVHR
	Hedge Horizon

	
	
	5 day
	20 day
	40 day
	60 day
	80 day

	Panel A: % increase in variance relative to the DMP-MVHR: CC-Tobit-FIGARCH

	Mean
	Naïve
	34.14%
	39.81%
	20.41%
	19.23%
	17.02%

	
	OLS
	146.31%
	33.99%
	16.52%
	15.16%
	14.63%

	
	SP
	1.46%
	-0.72%
	-0.45%
	-0.43%
	-1.00%

	
	MP
	24.94%
	8.70%
	6.90%
	8.54%
	10.94%

	Median
	Naïve
	38.03%
	36.90%
	20.19%
	18.24%
	17.19%

	
	OLS
	83.20%
	32.11%
	16.57%
	14.35%
	14.80%

	
	SP
	-0.28%
	-0.82%
	-0.25%
	-0.93%
	-0.81%

	
	MP
	1.57%
	8.99%
	6.68%
	7.96%
	11.15%

	Panel B: % increase in variance from failing to make tobit correction: CC FIGARCH

	Mean
	SP
	-1.47%
	-0.48%
	-0.18%
	-0.11%
	-0.21%

	
	DP
	-1.14%
	-0.51%
	-0.19%
	-0.10%
	-0.16%

	Median
	SP
	-0.77%
	-0.51%
	-0.19%
	-0.11%
	-0.21%

	
	DP
	-0.74%
	-0.54%
	-0.19%
	-0.09%
	-0.19%

	Panel C: % increase in variance from failing to allow for long memory: Tobit GARCH v Tobit FIGARCH

	Mean
	SP
	4.63%
	0.44%
	0.29%
	0.48%
	0.30%

	
	DP
	3.86%
	0.32%
	0.31%
	0.71%
	0.99%

	Median
	SP
	2.26%
	0.32%
	0.27%
	0.48%
	0.29%

	
	DP
	2.54%
	0.28%
	0.29%
	0.64%
	0.88%


Table 3: Simulated Bias and RMSE: CC-Tobit-FIGARCH model
	Parameter
	Bias
	
	RMSE

	
	Price limit 30
	Price limit 50
	
	Price limit 30
	Price limit 50

	
	No tobit
	Tobit
	No tobit
	Tobit
	
	No tobit
	Tobit
	No tobit
	Tobit
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	-.10
	0.00
	-.08
	.00
	
	.20
	0.02
	.18
	.02
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	-.04
	-0.01
	-.03
	-.01
	
	.08
	0.06
	.07
	.05


Table 4: Simulated percentage increase in portfolio variance - Price Limit of 50c
	
	MVHR
	Hedge Horizon

	
	
	5 day
	20 day
	40 day
	60 day
	80 day

	Panel A: % increase in variance relative to the DP-MVHR: CC-Tobit-FIGARCH

	Mean
	OLS
	117.63%
(3.53)
	96.72%
(1.77)
	45.01%
(6.84)
	42.14%
(7.96)
	41.19%
(7.56)

	
	SP
	-0.11%
(-0.52)
	-0.81%
(-4.09)
	-1.13%
(-6.33)
	-1.60%
(-8.49)
	-1.58%
(-9.12)

	
	MP
	3.76%
(4.55)
	4.27%
(7.36)
	7.04%
(11.10)
	7.89%
(12.89)
	8.60%
(13.97)

	Median
	OLS
	12.67%
(9.62)
	14.54%
(12.27)
	15.67%
(13.95)
	16.47%
(15.03)
	16.33%
(15.75)

	
	SP
	-0.01%
(-0.43)
	-0.24%
(-4.01)
	-0.33%
(-5.72)
	-0.51%
(-9.10)
	-0.55%
(-9.32)

	
	MP
	0.94%
(3.55)
	2.47%
(6.75)
	5.68%
(10.87)
	5.99%
(12.27)
	7.36%
(13.35)

	Panel B: % increase in variance from failing to make tobit correction: CC FIGARCH

	Mean
	SP
	4.59%

(1.52)
	1.24%

(0.92)
	2.34%

(1.07)
	2.06%

(1.11)
	1.83%

(0.98)

	
	DP
	4.46%

(1.69)
	1.19%

(0.98)
	2.71%

(1.54)
	2.29%

(1.76)
	2.39%

(1.74)

	Median
	SP
	-0.02%

(0.75)
	-0.30%

(0.17)
	0.56%

(-0.45)
	-0.89%

(-0.69)
	-0.81%

(-1.15)

	
	DP
	0.46%

(1.04)
	-0.39%

(0.33)
	-0.22%

(0.27)
	-0.34%

(0.24)
	0.14%

(0.48)

	Panel C: % increase in variance from failing to allow for long memory: Tobit GARCH v Tobit FIGARCH

	Mean
	SP
	3.96%

(5.27)
	2.04%

(5.18)
	1.75%

(5.67)
	1.49%

(6.62)
	1.53%

(7.14)

	
	DP
	3.87%

(5.21)
	1.88%

(4.45)
	1.60%

(4.39)
	1.20%

(4.45)
	1.15%

(4.54)

	Median
	SP
	1.24%

(5.50)
	0.76%

(6.60)
	0.89%

(7.21)
	0.80%

(7.78)
	0.75%

(8.46)

	
	DP
	1.24%

(5.42)
	0.72%

(5.37)
	0.67%

(5.17)
	0.46%

(4.49)
	0.46%

(4.73)


Figure 1: Simulation - % frequency distribution of the number of limit days 
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Figure 2 Simulated estimates of 
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 with and without tobit correction

[image: image123.emf]-1

-0.8

-0.6

-0.4

-0.2

0

0000000000251227559616831864710282124

No of limit days

No Tobit Tobit


Figure 3a) Simulated percentage increases in portfolio variance from failing to allow for price limits – 5 period hedge, 50c price limit
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Figure 3b) Simulated percentage increase in portfolio variance from failing to allow for long memory in volatility – 5 period hedge, 50c price limit
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Appendix A: Illustration of Dynamic Programming MVHR (DPMVHR)

When the hedging problem exceeds two periods, simulation methods are required to estimate the DP-MVHRs. Consider a 5 period hedging problem. Let t = 0, denote the current time period and assume that a futures position will be held until the expiration of the hedge at time T = 5. Conditional upon the information available at time t = 0, the DP-MVHR for time t = 0 to t = 1 is solved recursively via the following
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Forecasts of 
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for horizons 1 to 5 conditional on the information set at time t = 0 can be generated from the estimated model. Once 
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Simulation methods are used to generate the series 
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 is then calculated as its sample analogue and 
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To calculate the DP-MVHR from t = 1 to t = 2 conditional upon the information set at t =1, the entire procedure is repeated. i.e. the MVHR from t = 4 to  t = 5 is equal to 
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where the forecasts have been updated to reflect the additional day of information. Simulation methods are then used to generate the series 
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. This procedure continues until the completion of the hedge. Note that in the presence of price limits, the above notation should replace B with B*.
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� Lee et al (1994) argue that price limits obstruct price discovery, while Ma et al (1989b) argue that price limits avoid overreaction thereby enhancing price discovery. Kao and Ma (1992) show that long term price dependence disappears when price limits are accounted for. Kodres (1993) finds fewer rejections of the unbiasedness hypothesis once price limits are taken into account and Yang and Brorsen (1995) show that price limits cause the thin tailedness in pork bellies futures prices. Roll (1984) found that a significant regression coefficient became insignificant when limits were replaced with proxy equilibrium prices. Ma et al (1989a) find that prices tend to stabilize or reverse after hitting a limit while Chen (1993) find that price limits serve no purpose other than to slow down the price change. Ma et al (1989a), (1989b) find that price limits decrease volatility, while Kuhn et al (1991) and Chen (1993) do not. 


� This paper follows the assumption of Kodres (1993) and Yang and Brorsen (1995), that the equilibrium price process is unaffected by the imposition of the price limits. This suggests that the observed price on a non-limit day following one or more limit moves is the same as it would be if the limits did not exist. To overcome this assumption, a model for how the limits affect prices would need to be specified. This is an additional complication that is beyond the scope of the paper.


� This may not be the case. If for example � EMBED Equation.DSMT4  ���=� EMBED Equation.DSMT4  ��� and � EMBED Equation.DSMT4  ��� (where � EMBED Equation.DSMT4  ��� is the correlation between the spot and the futures),� EMBED Equation.DSMT4  ���. While the empirical evidence suggests that similar markets may have common orders of fractional integration (Teyssiere, 1998), the correlation between spot and futures returns is less than unity.  


� Kodres (1993) does not attempt to change the GARCH specification to take account of the truncated error. Yang and Brorsen (1995) however include the estimated leftover term in the squared residuals in the GARCH equation. This paper follows Kodres (1993) who argues that no additional modeling of the errors is necessary. This is because the likelihood takes account of the truncation in the errors by standardizing them prior to the calculation of the normal cumulative distribution function and probability distribution function.


� These MVHRs ignore quantity risk, which may be important for commodities hedgers. See for example Moschini and Lapan (1995). 


� See Dark (2007) for the bias in the MVHR from failing to allow for long memory and basis convergence. 


� Preliminary examinations support the presence of long memory in volatility. Lo’s (1991) R/S test, the KPSS test of Kwiatkowski et al (1992) and semiparametric estimates of d using the spectral estimator of Robinson (1994) and the wavelet estimator of Jensen (1999) are employed. All procedures suggest that long memory is present in the squared spot and futures market returns and the squared normalized change in the basis � EMBED Equation.DSMT4  ���. The squared normalized change in the basis was filtered by dividing the series by � EMBED Equation.DSMT4  ���, where � EMBED Equation.DSMT4  ��� was obtained from the estimation results below. The effects of the estimated dummy on rollover and for the large observations discussed in footnote 7 were also removed. Nonetheless, the results for the raw normalized change in the squared basis are similar. The wavelet estimates are made using the Haar wavelet. The wavelet estimates are also re-performed on an extended data set of size 4096, created by adding the first 321 observations to the end of the data set. The results remained unchanged and indicate that they are insensitive to any possible zero padding and boundary effects. 


� The models are augmented to include intercept dummies in the basis mean equation for August 1, 1997, July 1, 2004, June 27, 2005 and June 30, 2005. All results are available on request. 


� When the number of price limits exceeded 1500 (50% of the sample), the estimates of � EMBED Equation.DSMT4  ���frequently converged to the upper or lower boundary. The results where a boundary was hit have therefore been removed from the analysis. Experiment 1 removed 13 observations, experiment 2 removed 44 observations.


� Nonetheless there is a great deal of variability in the� EMBED Equation.DSMT4  ���and � EMBED Equation.DSMT4  ��� estimates and the log likelihood function is relatively flat over the parameter space of � EMBED Equation.DSMT4  ��� and � EMBED Equation.DSMT4  ���. In fact, 8% of the simulation results for experiment 1 and 13% of the simulation results in experiment 2 failed to achieve convergence after 300 iterations. The remaining parameters generally remained stable over the last 200 iterations, while the � EMBED Equation.DSMT4  ��� and � EMBED Equation.DSMT4  ��� estimates changed considerably with little change in the value of the likelihood function. An alternative proxy for the leftover variable might therefore be preferable. The two popular views of commodity futures prices either i) split the futures price into an expected risk premium and a forecast of the future spot price or ii) employ the theory of storage. The first view would simply proxy the futures price with two unobservables (complicating the problem even further). The theory of storage would suggest a proxy would need to estimate the interest foregone in storing the commodity, its warehousing costs and an estimate of the convenience yield. Convenience yields are also unobservable and reliable estimates of warehousing costs are difficult to obtain (see Fama and French, 1987 for further details). Another approach could follow Hall, Kofman and Manaster (2006) by using futures prices implied from options. This would increase the complexity of the simulation study and is beyond the scope of this paper.


� If the table includes those days where the number of price limits was between 1 to 149 the mean % increase is approximately half of that reported. The median remains unchanged. The t statistics are virtually unchanged. Results available on request.
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