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Implied, Forecasted and Realized Volatility of Australian T-Bond Futures 

Overnight Options 
 

1. Introduction 

Zou, Rose and Pinfold (2003b) has found the SFE (Sydney Futures Exchange) T-Bond 

futures overnight options return volatility shows cluster and we reported that GARCH 

types of models are appropriate to estimate and forecast overnight return volatility. 

However, it has been believed that implied volatility is informationally superior to 

other volatility measures. The implied volatility is the market perception about future 

security volatility. For longer-dated options, we may interpret implied volatility for an 

option future return volatility over the remaining life of the option before it reaches 

maturity. As in Christensen and Prabhala (1998), if option markets are efficient, 

implied volatility should be an efficient forecast of future volatility, i.e. implied 

volatility should subsume the information contained in all other variables in the market 

information set in explaining future volatility.  

 

For short-dated options, i.e. the SFE overnight options, we may investigate their 

implied volatility to know what the market perceive the information content of 

overnight options volatility for the next time period. T-Bond futures overnight options 

last for one SYCOM 2session, overnight put and call options are available on futures 

contracts for the nearest quarter month ahead. This avoids measurement errors of 

overlapping data which occurred for long-dated options when calculating implied 

volatility using Black-Scholes formula. Overnight option’s implied volatility may give 

                                                             
2 SYCOM: Sydney Computerized System, it is the electronic trading platform used by the SFE. 
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investors an idea of how the market is going to act in the next period (i.e. next SYCOM 

night trading session) with the current volatility level. 

 

In this study, first, we investigate whether or not implied volatility is an unbiased and 

efficient forecast of future volatility. Second, we test whether or not implied volatility 

contains information content about future volatility for 3-Year and 10-Year Australian 

T-Bond futures overnight call and put options. In order to test robustness of 

information content of implied volatility, we apply linear and non-linear GARCH 

models to overnight call and put options, by putting implied volatility as an exogenous 

variable.  Finally, we use multiple regression models to determine an optimal model 

that describes the relation between implied, forecasted and realized volatility.    

 

2. Literature Review 

Black (1976) first illustrates how to value European futures options by extending what 

they produced in Black (1975), Black and Scholes (1973), and Merton (1973). The 

underlying assumption is that futures prices have the same lognormal property that 

assumed for stock prices. Almost all parameters in the Black-Scholes option pricing 

model are observable. There is one parameter in the Black-Scholes pricing formula that 

cannot be directly observed which is the volatility of the underlying futures. We may 

estimate from historical data of the underlying futures, but price volatility of most 

derivative securities vary over time. This makes hard to predict it accurately. There are 

three approaches to estimate volatility for future’s options. The first approach is to 

compute the actual (realized) volatility from historical data. The second approach is to 

calculate implied volatility by solving the Black-Scholes formula. The third one is to 

use an appropriate model to estimate volatility. 
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As described in Christensen and Prabhala (1998), if option markets are efficient, 

implied volatility should be an efficient forecast of future volatility. Implied volatility is 

interpreted as an efficient volatility forecast in a wide range of settings (see also Day 

and Lewis (1998), Harvey and Whaley (1992), and Poterba and Summers (1986)). 

Thus, whether or not implied volatility can predict future volatility and whether or not 

it does so efficiently are both empirically testable. Latane and Eendleman (1976) 

documents that stocks with higher implied volatility may also have higher ex-post 

realized volatility. They mainly focus on static cross-sectional tests. More recent 

studies focus on the information content of implied volatility in dynamic settings, i.e. 

Day and Lewis (1992), Jorion (1995), Lamoureus and Lastrapes (1993), Canina and 

Figlewski (1993), Fleming (1998), and Blair, Poon and Taylor (2001). 

 

Christensen and Prabhala (1998) report that S&P 100 index option’s implied volatility 

is an unbiased and efficient measure for future volatility, in contrast to most previous 

studies that implied volatility is a biased and inefficient forecast of future volatility. 

Christensen and prabhala (1998) adjust the conventional regression analysis of 

information content of implied volatility, by putting an instrumental variable to the 

regression for the implied volatility. Then, the fitted implied volatility replace the 

implied volatility in the conventional model.  

 

Day and Lewis (1992) compare the information content of the implied volatility from 

call options on the S&P 100 index to GARCH (Generalized Autogressive Conditional 

Heteroscedasticity) and Exponential GARCH models of conditional volatility. They put 

the implied volatility to GARCH and EGARCH models as an exogenous variable, the 
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within-sample result suggests that implied volatility may contain incremental 

information relative to the conditional volatility from GARCH and EGARCH models. 

They also find strong within-sample evidence that the conditional volatility estimates 

from GARCH and EGARCH models reflect incremental information relative to 

implied volatility. Thus, the result imply neither implied volatility nor the conditional 

volatility from GARCH and EGARCH models completely characterize within-sample 

conditional stock market volatility when the excess market return is assumed to be a 

linear function of conditional volatility. Then Day and Lewis (1992) explore this issue 

by using out-of-sample data, although the results are consistent with the hypothesis that 

implied volatility and the GARCH and the EGARCH forecasts are unbiased, there are 

no strong evidences that relative information content of GARCH forecasted volatility 

and implied volatility. 

 

Jorion (1995) reports that implied volatility for options on currency is an efficient 

predictor of future return volatility for foreign currency futures at Chicago Mercantile 

Exchange, although it is biased. He also applies simulation to investigate the robustness 

of his result, he finds that measurement errors and statistical problems can substantially 

distort inferences. Lamoureux and Lastrapes (1993) examine options on equity and find 

that implied volatility is biased and inefficient, which past volatility contains predictive 

information about future volatility beyond that contained in implied volatility. As 

recognized by Christensen and Prabhala (1998), both Day and Lewis (1992) and 

Lamoureux and Lastrapes (1993) use overlapping samples, and are characterized by a 

“maturity mismatch” problem. Lamoureus and Lastrapes (1993) use one-day-ahead and 

Day and Lewis (1992) use one-week-ahead predictive power of implied volatility 
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computed from options that have a much longer remaining life. Thus, their results may 

be biased due to the error in variables. 

 

Canina and Figlewski (1993) find that implied volatility to be a poor forecast of 

subsequent realized volatility. They find that implied volatility has virtually no 

correlation with future volatility, and it does not incorporate the information contained 

in recent observed volatility. One possible explanation as suggested by Christensen and 

Prabhala (1998) is that index option markets process volatility information 

inefficiently. However, this explanation is unlikely given the liquidity, market depth, 

and trading activity in the S&P index options. A second possible explanation is that the 

Black and Scholes (1973) options pricing model which we use to compute implied 

volatility cannot be used to price index options because of the transaction cost which is 

prohibited associated with hedging of options in the spot market. But, this explanation 

is incomplete as the Black-Scholes formula does not necessarily require continuous 

trading in cash market. 

 

The application of ARCH or GARCH types of model to estimate and forecast volatility 

has been widely used. The model (Bollerslev (1986, 1987)) is related to tomorrow’s 

conditional distribution to today’s return and previous return. An expansion of this is 

using information to define conditional distribution by utilising implied volatility 

calculated from the price of options that are near expiry. For example, Fleming (1998) 

and Day and Lewis (1992) observe that the information provided by implied volatility 

improves the measurement of conditional distribution. 
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Blair, Poon and Taylor (2001) summarize that theoretical models that relate volatility to 

the quantity of information are extended to a multi-asset setting and it is deduced that 

stock returns may or may not have incremental information when modelling index 

volatility, depending on the sources of information that move stock prices. Blair, Poon 

and Taylor (2001) incorporate leverage effects and dummy variables for the 1987 crash 

and aggregate measures of stock return volatility. The analysis of daily volatility of the 

S&P 100 index from 1984 to 1998 reports that there is some incremental volatility 

information in returns form the 100 shares that defined in the index.  

  

3. Data and Methodology 

3.1 Data Sample 

The security Industry Research Center of Asia-Pacific (SIRCA) and Reuters provided 

data for this research. The data was collected for 3-Year and 10-Year T-Bond futures 

overnight options from January 1996 to May 2002. Intra-night data included the time-

stamped trade data contained the time of the trade, the trading price and the trading 

volume. Zou, Rose and Pinfold (2003a) reports that most of quotes and trades occurred 

in the first half of the night for 3-Year and 10-Year T-Bond futures overnight options in 

previous studies.  Thus, we use time-weighted average transaction price during the first 

half of the trading night for underlying 3-Year and 10-Year T-Bond futures. The intra-

night trade data during the first half of the trading night for 3-Year and 10-Year T-Bond 

futures overnight call and put options are used to calculate the intra-night implied 

volatility for every transaction occurred. We will split the data set into overnight call 

options and overnight puts options for 3-Year and 10-Year T-Bond futures 

respectively.  
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3.2 Methodology 

3.2.1 Implied Volatility 

As we described before, Australian 3-Year and 10-Year T-Bond futures overnight 

options are European type of options. Thus, for each observed 3-Year and 10-Year T-

Bond futures overnight call and put options price Ct and Pt, we calculate implied 

volatility ? it by solving the following Black’s models for valuing futures options (Hull 

(2000)): 

     Ct = e-rT(Ft N(d1) –Xt N(d2))      (7.1) 

      Pt = e-rT(Xt N(-d2) –FtN(d1))      (7.2) 

Where     
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and Ft is the price at time t for the underlying 3-Year T-Bond futures, Xt is the exercise 

price at time t, r is the risk free rate (we use Australian 90-Day Treasury Notes as the 

risk free rate), T is the time-to-maturity (here, the time to maturity will be the same for 

all options which is 0.5/365 = 0.00137, N(d1) and N(d2) are the standard normal 

distribution function.  

 

3.2.2 Realized Volatility From Trade Prices 

There are different approaches to estimate the volatility of futures options empirically. 

Simple approach such as calculating the standard deviation of the return for different 

time interval is widely used. Here, we use more sophisticated approach involving 

GARCH models to estimate the return volatility for 3-Year and 10-Year T-Bond 

futures overnight options. We adopt the result from Zou, Rose and Pinfold(2003b) to 
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obtain the realized volatility from the EGARCH(1,1)3 model for 3-Year T-Bond futures 

overnight call options and 10-Year T-Bond futures overnight put options, and the 

realized volatility from the linear GARCH(1,1) model for 3-Year T-Bond futures 

overnight put options and 10-Year T-Bond futures overnight call options. 

 

3.2.3 Forecasted Volatility From GARCH Models 

We use GARCH models that we report in Zou, Rose and Pinfold (2003b) to forecast 

volatility for 3-Year and 10-Year T-Bond futures overnight call and put options. Thus, 

for 3-Year T-Bond futures overnight call options and 10-Year T-Bond futures 

overnight put options, the EGARCH(1,1) model is used to forecast return volatility. For 

3-Year T-Bond futures overnight put options and 10-Year T-Bond futures overnight 

call options, the linear GARCH(1,1) model is used to forecast return volatility. 

 

3.2.4 Estimation From ARIMA(p, d, q) Model 

Autoregressive Moving Average (ARMA) models are used to describe the properties of 

the time series. In order to find out the back-shift operator from the autoregressive term 

and the first difference operator from the moving average term, we fit 

Autoregressive(p), Moving Average(q), Autoregressive Moving Average (p,q), and 

Autoregressive Integrated Moving Average (p,d,q) models to implied, forecasted and 

realized volatility and their log forms. 

 

3.2.4.1 Autoregressive  Model 

Autoregressive series of order p AR(p) has p lags for the yt series as follow: 

                                                             
3 Although the time frame is different for this study compared to Zou, Rose and Pinfold (2003b), we have checked 
that results we found in Zou, Rose and Pinfold (2003) still hold except for the 10-Year T-Bond futures overnight put 
options. More specifically we have the EGARCH(1,1) model for the 3-Year T-Bond futures overnight call option 
and the 10-Year overnight put option, and  the linear GARCH(1,1) model for the 3-Year T-Bond futures overnight 
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    yt = ?1yt-1 + ?2yt-2 +….+ ?pyt-p  + et     (7.3) 

We can rewrite equation 7.3 as ?(B)yt = et, where ?(B) = 1 - ?1B - ?2B2 - … - ?pBp. 

We can choose the value of p using the AIC (Akaike Information Criterion), Schwarz 

Bayesian Criterion (SIC) with k=p+1. Thus, we may choose the value of k that 

minimises these criteria: 

Akaike Information Criterion AIC(k) = log(? 2) + 2k/n  

Schwarz Bayesian Criterion  SIC(k) = log(? 2) +  klog(n)/n  

Where ? 2 is the estimated variance for error series et.  

 

3.2.4.2 Moving Average Model 

Moving average series of order q MA(q) has q lags for the error series et as follow: 

    yt =  et + ?1et-1 + ?2et-2  +…. + ?qet-q       (7.4) 

We can rewrite equation 7.4 as yt = ?(B)et, where ?(B) = 1 + ?1B + ?2B2 + … + ?pBp. 

We use the AIC and SIC as we described above to determine the value of q. 

 

3.2.4.3 Autoregressive Moving Average Model 

Autoregressive moving average series ARMA(p,q) with p lags for yt and q lags for the 

error series et as follow: 

  yt - ?1yt-1 + ?2yt-2 +….+ ?pyt-p  = et + ?1et-1 + ?2et-2  +…. + ?qet-q   (7.5) 

We can rewrite equation 7.5 as ?(B)yt = ?(B)et. 

Where    ?(B) = 1 - ?1B - ?2B2 - … - ? pBp 

     ?(B) = 1 + ?1B + ?2B2 + … + ? pBp 

We use the AIC and SIC to determine the value of p and q. 

                                                                                                                                                                                 
put option and the 10-Year T-Bond futures overnight call option. See Zou, Rose and Pinfold (2003b) for details 
about the GARCH(1,1) and the EGARCH(1,1) models. 
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3.2.4.4 Autoregressive Integrated Moving Average Model 

Autoregressive integrated moving average models are non-stationary models with at 

least one unit root. Assume that differencing of order d is required for stationarity, then 

we have the following ARIMA(p,d,q) model: 

   ?(B)? dyt = ?(B)et        (7.6) 

Where ? dyt = (1-L)d yt. Usually d is 0 or 1, p and q are 0, 1, or 2 and  

     ?(B) = 1 - ?1B - ?2B2 - … - ? pBp 

     ?(B) = 1 + ?1B + ?2B2 + … + ? pBp 

We use AIC and SIC to determine the value of d, p and q. 

 

3.2.5 The Relation Between Implied, Forecasted, and Realized Volatility 

We use regression analysis to test the relation between implied, forecasted and realized 

volatility for 3-Year and 10-Year T-Bond futures overnight call and put options 

respectively. First we use ordinary least square to analyse the relation between each 

pair of them in their level series. Second, lag values will be added into the regression 

equation to find out if past values of a particular variable have influence on their 

current values. Finally, we put 3-Year and 10-Year T-Bond futures overnight call and 

put options implied, forecasted and realized volatility together into a VAR to test their 

interrelationships. 

 

3.2.5.1 Regression Analysis 

As suggested by Christensen and Prabhala (1998), the information content of implied 

volatility is assessed by the following regression: 

      rt = ? 0+ ? 1it + ?t       (7.7) 

      ft = ? ’0+ ? ’1it + ut       (7.8) 
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where rt denotes the realized volatility for period t, it denotes the implied volatility at 

the beginning of period t,  and ft denotes the forecasted volatility. 

 

We may test three hypotheses for both equations 7.7 and 7.8. For equation 7.7, first, if 

? 1 is nonzero and statistically significant, we may conclude that implied volatility 

contains information about future volatility. Second, if ? 0=0, ? 1=1, we may conclude 

that implied volatility is an unbiased forecast of realized volatility. Third, if the residual 

from equation 7.7 is white noise and independent, we may conclude that implied 

volatility is an efficient mean to explain futures volatility with any variable in the 

market information set. The similar argument can be made in regarding to equation 7.8 

for the forecasted volatility and the implied volatility. 

 

As we all know, we can use historical data to predict futures volatility. Thus, past- 

realized volatility may have explanation power for futures volatility. Therefore, we put 

lagged value of realized volatility (i.e lag of 14) into right side of equations 7.7 and 7.8, 

such that equations 7.7 and 7.8 can be rewritten as: 

     rt = ? 0 + ? 1it + ? 2rt-1 + ?t       (7.9) 

     ft = ? ’0 + ? ’1it + ? ’2ft-1 + ?t       (7.10) 

We may test the statistical significance and the magnitude of ?  coefficients to compare 

the information content of implied volatility to that of past-realized volatility. 

 

3.2.5.2 Alternative Regression Analysis 

Christensen and Prabhala (1998) point out that if ? 1 in equations 7.7 is less than unity, 

it could be a consequence of an errors-in-variable (EIV) . According to their study, the 

                                                             
4 This value is determined by looking at the time series properties. 
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error may be attributed to (i) nonsynchronous measurement of option prices and index 

levels, (ii) early exercise and dividends, which are ignored in the Black-Scholes 

formula, (iii) bid-ask spreads, (iv) the ‘wild-card’ option, and (v) misspecification of 

the stochastic process governing index returns. EIV may cause implied volatility to be 

biased and inefficient, although most of the errors mentioned here do not apply to 

overnight options as the special nature of the product. Thus, the ordinary least square 

regression estimates from equations 7.7 may be inconsistent and lead to the inaccurate 

conclusions. Christensen and Prabhala (1998) use an instrumental variables (IV) 

procedure to solve this problem. Under this framework, implied volatility it is regressed 

on an instrument and/or any other exogenous variables as the following equation: 

     it = ? 0 + ? 1it-1 + ? 2rt-1 + ?t     (7.11) 

In equation 7.11 we use past implied volatility as the instrumental variable. Equation 

7.11 indicates that implied volatility may endogenously depend on its own past 

volatility if option prices reflect volatility information. Equation 7.11 is similar to a 

GARCH(1,1) model specification suggested by Bollerslev (1986). Fitted value from 

regression equation 7.11 replaces implied volatility in equations 7.9, and the 

specifications are re-estimated by OLS. 

 

 

3.2.6 Putting All Together: A VAR Specification 

We fit a Vector Autoregressive (VAR) model for implied, forecasted and realized 

volatility, and then optimal multiple regression models are recognized for implied, 

forecasted and realized volatility. A VAR model takes the form of following: 

     Xt = ?  + ?1Xt-1 + ?2Xt-2 + ? t    
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Xt is a vector of variables, i.e. implied, forecasted, and realized volatility; ?1, ?2 are 

vectors of coefficients depending how many lags5 are used. Whenever a VAR is 

produced, we may check and run multiple regressions for implied, forecasted and 

realized volatility to find out a model, which best describes the relation between them. 

 

3.2.7 Alternative Robustness Test of Informational Content of Implied Volatility 

We use another alternative method similar with Day and Lewis (1992) to test the 

information content of implied volatility. We add the implied volatility to linear and 

non-linear GARCH models as an exogenous variable and test whether or not implied 

volatility contains information content. More specifically, for the 3-Year T-Bond 

futures overnight call options and 10-Year T-Bond futures overnight put options, 

implied volatility is adding to the conditional variance equation of the EGARCH(1,1)6 

model as an exogenous variable. For the 3-Year T-Bond futures overnight put option 

and 10-Year T-Bond futures overnight call options, implied volatility is adding to the 

conditional variance equation of the linear GARCH(1,1)7 model as an exogenous 

variable. 

 

4. Analysis 

We test 3-Year and 10-Year T-Bond futures overnight call and put options separately. 

Firstly, descriptive statistics are presented for implied, forecasted and realized 

volatility, and their respective log forms. Secondly, autoregressive, moving average, 

autoregressive moving average processes are fitted to find out the time series 

properties. Thirdly, we use regression to test relations between implied, forecasted and 

                                                             
5 The Akaike Information Criteria (AIC) is used to determine how many lags we need. 
6 See Zou, Rose and Pinfold (2003) for detailed explanation of the non-linear GRACH models. 
7 See Zou, Rose and Pinfold (2003) for detailed explanation of the linear GRACH models. 
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realized volatility for 3-Year and 10-Year T-Bond futures overnight call and put 

options. Finally, we put the implied volatility as an exogenous variable in the 

conditional variance equation in linear and non-linear GARCH models as described in 

Zou, Rose and Pinfold (2003) to find out information content of implied volatility. 

 

4.1 Descriptive Statistics for Implied, Forecasted and Realized Volatility 

Descriptive statistics for implied, forecasted and realized volatility and their log forms 

are presented in Tables1 and 2 for 3-Year and 10-Year T-Bond futures overnight 

options.  

 

4.1.1 3-Year T-Bond Futures Overnight Options 

Panels A and B in Table 1 are descriptive statistics for the 3-Year T-Bond futures 

overnight call and put option respectively. We found both the mean implied and the 

mean forecasted volatility and their log forms exceed the mean realized volatility and 

its log form. This indicates that the actual volatility obtained from GARCH models for 

3-Year T-Bond futures overnight call and put options is less than volatility being 

implied by the Black’s option pricing model and the volatility forecasted by GARCH 

models. The mean differences between the log forms of implied and forecasted 

volatility with the log realized volatility is greater than the mean differences between 

the level series. Realized volatility yields the lowest standard deviation comparing to 

the implied and the forecasted volatility. The skewness and kurtosis indicate that the 

distributions of implied, forecasted and realized volatility are highly skewed and 

leptokurtic for the level series but are less for the log forms. The ARCH test indicates 

that the variances for implied volatility are not constant for both the log form and the 

level series. The variances for forecasted volatility are constant for overnight call 
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options for the level series, but are non-constant for the log form for overnight call and 

put options. For realized volatility the variances are constant for both the level series 

and the log form for overnight call options, but are non-constant for overnight put at 

both the log form and the level series. The Jarque-Bera statistics indicate distributions 

of almost all series are not normal except for the log form realized volatility for the 3-

Year T-Bond futures overnight put option. 

 

4.1.2 10-Year T-Bond Futures Overnight Options 

Panels A and B in Table 2 are descriptive statistics for the 10-Year T-Bond futures 

overnight call and put option respectively. We found similar results in terms of the 

mean, the standard deviation, skewness and kurtosis for 10-Year T-Bond futures 

overnight options as we found for the 3-Year’s.  

 

The variances of realized volatility both in log form and level series are constant. The 

variances of implied and forecasted volatility are non-constant for the log form and the 

level series for overnight call options. For 10-Year T-Bond futures overnight put 

options, the variances of implied volatility are non-constant for the log form and the 

level series, the variances of forecasted volatility are constant for level series but non-

constant for the log form. Jarque-Bera statistics indicate that distributions of all series 

are not normal for both the log form and the level series. 

 

4.2 Time Series Properties for T-Bond Futures Overnight Options 

In order to assess time series properties for both 3-Year and 10-Year T-Bond futures 

overnight call and put options, we fit autoregressive, moving average, autoregressive 
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moving average and autoregressive integrated moving average models for log forms of 

implied, forecasted and realized volatility.  

 

4.2.1 3-Year T-Bond Futures Overnight Options 

Tables 3 and 4 below report Autoregressive, Moving Average, Autoregressive Moving 

Average and Autoregressive Integrated Moving Average models of implied volatility, 

forecasted and realized volatility (all in logarithm forms) for 3-Year T-Bond futures 

overnight call and put options. We present coefficients of parameter for different 

models, the R squared, the Akaike Information Criteria (AIC), the Schwarz Criteria 

(SIC), the Durbin –Watson statistic, and the Q-Statistic for the residual from the model 

estimation are also presented to assess the properties for the time series. 

 

Panel A in Table 3 presents AR(1), AR(2), MA(1), MA(2), ARMA(1,1) and 

ARIMA(1,1,1) for the 3-Year T-Bond futures overnight call option’s implied (log 

form) volatility.  Among different models, the Q-Statistic for the residual from the 

ARMA(1,1) is 1.2706 which is the lowest, suggesting that ARMA(1,1) process appears 

to best describe the implied volatility for the 3-Year T-Bond futures overnight call 

option. After we fit an integrated ARIMA(1,1,1) model to the implied volatility, we





Table 1 Descriptive Statistics for 3-Year T-Bond Futures Overnight Options Volatility 
This table contains descriptive statistics for daily (first half of the trading night ) implied, forecasted and realized volatility of their level series and their natural logarithms. 
The implied volatility is calculated from solving the Black’s future options valuation formula (Black (1976)) by using the intra-night time-weighted average trade prices of 3-
Year T-Bond futures overnight call and put options. The forecasted volatility is forecasted by fitting the EGARCH(1,1) model for 3-Year T-Bond futures overnight call 
options, and fitting the linear GARCH(1,1) model for 3-Year T-Bond futures overnight put options. The realized volatility is also computed from fitting the EGARCH(1,1) 
model for overnight call options and the linear GARCH(1,1) model for overnight put options. All series start from January 1996 to May 2002. 

 
Panel A 3-Year T-Bond Futures Overnight Call Options 

               Volatility 
 Statistics    Implied  Forecasted  Realized  Log Implied  Log Forecasted   Log Realized  
 Mean     0.2543     0.2406   0.1223     -1.4331   -1.7427       -2.2055  
 Standard Deviation  0.1109     0.1936   0.0645       0.3271       0.8757         0.4422 
 Skewness    2.8105     1.8853   2.5366       1.5979   -0.8180         0.3953 
 Kurtosis     14.5842     9.0736   12.8837       5.1073     4.5829         3.7110  
 ARCH     7.1006**     0.4828   2.2393     21.0783**     17.3806**        0.9271 
 Jarque-Bera Stats   6030.55**    1858.98**  4489.53**    533.0211**     188.4871**   41.1249**   

  
 

Panel B 3-Year T-Bond Futures Overnight Put Options 
               Volatility 
 Statistics    Implied  Forecasted  Realized  Log Implied  Log Forecasted   Log Realized  
 Mean     0.2242     0.2415   0.1127     -1.5785   -1.8172       -2.2682  
 Standard Deviation  0.1078     0.1922   0.0479       0.3783       1.0442         0.4148 
 Skewness    2.0270     1.2995   1.0696       1.2533   -1.1488         -0.0531 
 Kurtosis     7.0472     4.7618   4.0412       3.7108      4.9668         2.9032  
 ARCH     23.9355**    4.5627*  6.9522**     40.1512**     77.7246**              4.0005* 
 Jarque-Bera Stats   1245.58**    374.2179**  214.8538**    257.6747**   347.1913**       0.7841 
*Significance at the 5% level.  
**Significance at the 1% level.  
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Table 2 Descriptive Statistics for 10-Year T-Bond Futures Overnight Options Volatility 
This table contains descriptive statistics for daily (first half of the trading night ) implied, forecasted and realized volatility of their level series and their natural logarithms. 
The implied volatility is calculated from solving the Black’s future options valuation formula (Black (1976)) by using the intra-night time-weighted average trade prices of 
10-Year T-Bond futures overnight call and put options. The forecasted volatility is forecasted by fitting the linear GARCH(1,1) model for 10-Year T-Bond futures overnight 
call and put options. The realized volatility is also computed from fitting the linear GARCH(1,1) model for overnight call options put options. All series start from January 
1996 to May 2002. 

 
Panel A 10-Year T-Bond Futures Overnight Call Options 

               Volatility 
 Statistics    Implied  Forecasted  Realized  Log Implied  Log Forecasted   Log Realized  
 Mean     0.2752     0.2600   0.1342     -1.3689   -1.7741       -2.1115  
 Standard Deviation  0.1258     0.2076   0.0588       0.3716       1.1148         0.4740 
 Skewness    1.8920     1.2016   0.7689       1.1149   -1.3278         -0.5445 
 Kurtosis     6.9100     4.3160   3.9322       3.2720     5.6528         3.0819  
 ARCH     27.9086**    8.3496**  1.1031     34.5177**     68.9831**        0.1365 
 Jarque-Bera Stats   1264.45**    320.6248**  138.1171**    215.5217**     601.7425**        50.9388**   

  
 

Panel B 10-Year T-Bond Futures Overnight Put Options 
               Volatility 
 Statistics    Implied  Forecasted  Realized  Log Implied  Log Forecasted   Log Realized  
 Mean     0.2313     0.2419   0.1184     -1.5633   -1.8206            -2.2409  
 Standard Deviation  0.1196     0.1994   0.0510       0.4341       1.0128         0.4871 
 Skewness    2.0171     1.3084   0.3631       -0.4314   -0.7903        -0.5723 
 Kurtosis     7.4480     4.5307   2.8043       18.7831      3.5594         2.5162  
 ARCH     16.0365**    2.1449   2.4791     1.4557**     57.0200**              2.0048 
 Jarque-Bera Stats   1538.56**    392.1283**  24.1361**    10660.27**   119.9417**        65.8812** 
*Significance at the 5% level.  
**Significance at the 1% level.  



found the Q-Statistic became larger than that for ARMA(1,1) model. This again 

verifies what we concluded that the ARMA(1,1) process is the best to describe the time 

series property of implied volatility for the 3-Year T-Bond futures overnight call 

option. 

 

Panel B presents the result for forecasted volatility for 3-Year T-Bond futures overnight 

call options. We conclude with the same as we found in Panel A that the ARMA(1,1) 

model is the best model to describe the property for forecasted volatility for the 3-Year 

T-Bond futures overnight call option. However, for the realized volatility, we found an 

AR(1) model is the best model to describe the property for realized volatility for the 3-

Year T-Bond futures overnight call option.   

 

Panels A, B and C in Table 4 present results for 3-Year T-Bond futures overnight put 

options. We found the ARIMA(1,1,1) model is the best to describe the property for  

implied volatility, the ARIMA(1,1,1) model is the best to describe the property for 

forecasted volatility, and the AR(1) model is the best to describe the property for 

realized volatility. 

 

4.2.2 10-Year T-Bond Futures Overnight Options 

Tables 5 and 6 report Autoregressive, Moving Average, Autoregressive Moving 

Average and Autoregressive Integrated Moving Average models of implied volatility, 

forecasted and realized volatility (all in logarithm forms) for 10-Year T-Bond futures 

overnight call and put options. 
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We found very similar results with what we found for the 3-Year T-Bond futures 

overnight options. For 10-Year T-Bond futures overnight call options, we found the 

ARIMA(1,1,1) model is the best to describe the property for implied volatility, the 

ARMA(1,1) model is the best to describe the property for forecasted volatility, and the 

AR(1) model is the best to describe the property for realized volatility. For 10-Year T-

Bond futures overnight put options, we found the ARMA(1,1) model is the best to 

describe the property for implied volatility, the ARIMA(1,1,1) model is the best to 

describe the property for forecasted volatility, and the AR(2) model is the best to 

describe the property for realized volatility. 

 



Table 3 ARIMA(p,d,q) Models for 3-Year Overnight Call Options’ Implied, Forecasted and Realized Volatility 
AR(1), AR(2), MA(1), MA(2), ARMA(1,1) and ARIMA(1,1,1) models are fitted to the logarithm of implied, forecasted and realized volatility for the 3-Year T-Bond futures 
overnight call options. The following equations are used:  
For autoregressive models:       yt = ?1yt-1 + ?2yt-2 +….+ ?pyt-p  + et 
For moving average models:      yt =  et + ?1et-1 + ?2et-2  +…. + ?qet-q     
For autoregressive moving average models:    yt - ?1yt-1 + ?2yt-2 +….+ ?pyt-p  = et + ?1et-1 + ?2et-2  +…. + ?qet-q   
For autoregressive integrated moving average models:  ?(B)? dyt = ?(B)et  

where ? dyt = (1-L)d yt. Usually d is 1, p and q are 0, 1, or 2 and  
                                                   ?(B) = 1 - ?1B - ?2B2 - … - ?pBp 
                                                   ?(B) = 1 + ?1B + ?2B2 + … + ?pBp 
 
 

Panel A Implied Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.4327**  0.2415**              51.6640**  0.0584   0.5468  0.5578  2.0736 
   (-101.0098) (7.3425) 
AR(2)  -1.4342**  0.2002**  0.1807**                 17.5360**  0.0909  0.5081  0.5246  2.0504 
   (-84.1430)  (6.0238)  (5.4373) 
MA(1)  -1.4331**        0.1832**    82.7600**  0.0433  0.5623  0.5733  1.9358 
   (-111.8042)       (5.4987) 
MA(2)  -1.4331**        0.1752**  0.1523** 43.6510**  0.0686  0.5378  0.5542  1.9573 
   (-100.9513)       (5.2304)  (4.5441) 
ARMA(1,1) -1.4439**  0.9299**     -0.8065**    1.2706  0.1293  0.4708  0.4872  1.9537 
   (-50.0663)  (42.6324)     (-22.7998) 
ARIMA(1,1,1) -0.0006  0.0824*     -0.9101**    5.7370  0.4081  0.4950  0.5114  2.0077 
   (-0.1563)  (2.7978)     (-58.6296) 
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Panel B Forecasted Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.7414**  0.3157**              63.7210**  0.0998   2.4711  2.4820  2.1239 
   (-42.3178)  (9.8188) 
AR(2)  -1.7441**  0.2517**  0.2083                 18.1190**  0.1403  2.4257  2.4422  2.0604 
   (-34.2172)  (7.5980)  (6.2903) 
MA(1)  -1.7428**        0.2325**    125.5700** 0.0711  2.5021  2.5130  1.9032 
   (-49.4844)        (7.0559)  
MA(2)  -1.7428**        0.2276**   0.1817**  64.6110**  0.1061  2.4660  2.4824  1.9442 
   (-44.0948)        (6.8355)  (5.4513) 
ARMA(1,1) -1.7529**  0.9362**     -0.7742**     1.7252  0.1769  2.3838  2.4002  1.9423 
   (-18.3097)  (46.3747)     (-21.3479) 
ARIMA(1,1,1) -0.0007  0.1165**     -0.9095**    6.2631  0.3893  2.3956  2.4120  2.0160 
   (-0.2512)  (3.0666)     (-57.2229) 
      

 
Panel C Realized Volatility (log) 

Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -2.2653**  0.9602**              4.1909  0.9334   -1.5132  -1.5022  1.9346 
   (-23.2418)  (110.4449) 
AR(2)  -2.2613**  0.9926**  -0.0329                 3.0580  0.9327  -1.5110  -1.4946  2.0009 
   (-23.4707)  (29.2584)  (-0.9755) 
MA(1)  -2.2062**        0.8402**    2265.0000** 0.6482  0.1644  0.1753  0.6571 
   (-135.0182)       (45.9860) 
MA(2)  -2.2074**        1.1535**  0.6338** 1384.7000** 0.8090  -0.4442  -0.4278  1.1617 
   (-120.9532)       (49.0038)  (26.9193) 
ARMA(1,1) -2.2624**  0.9581**     0.0325     3.1300  0.9335  -1.5119  -1.4955  1.9974 
   (-23.6981)  (103.3207)     (0.9275) 
ARIMA(1,1,1) -0.0022  0.2983     -0.2810    4.1349  0.0004  -1.4874  -1.4710  2.0023 
   (-0.5592)  (0.3630)     (-0.3398) 
a This is the Q-Statistics at lag 5 of the model residual. 
Values in bracket are t-statistics. 
*Significance at the 5% level. 
**Significance at the 1% level.    
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 Table 4 ARIMA(p,d,q) Models for 3-Year Overnight Put Options’ Implied, Forecasted and Realized Volatility 
AR(1), AR(2), MA(1), MA(2), ARMA(1,1) and ARIMA(1,1,1) models are fitted to the logarithm of implied, forecasted and realized volatility for the 3-Year T-Bond futures 
overnight put options. The following equations are used:  
For autoregressive models:       yt = ?1yt-1 + ?2yt-2 +….+ ?pyt-p  + et 
For moving average models:      yt =  et + ?1et-1 + ?2et-2  +…. + ?qet-q     
For autoregressive moving average models:    yt - ?1yt-1 + ?2yt-2 +….+ ?pyt-p  = et + ?1et-1 + ?2et-2  +…. + ?qet-q   
For autoregressive integrated moving average models:  ?(B)? dyt = ?(B)et  

where ? dyt = (1-L)d yt. Usually d is 1, p and q are 0, 1, or 2 and  
                                                   ?(B) = 1 - ?1B - ?2B2 - … - ?pBp 
                                                   ?(B) = 1 + ?1B + ?2B2 + … + ?pBp 
 
 

Panel A Implied Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.5792**  0.2834**              41.8330**  0.0804   0.8124  0.8230  2.0964 
   (-94.0892)  (8.9131) 
AR(2)  -1.5802**  0.2342**  0.1678**                 10.7170**  0.1056  0.7859  0.8018  2.0368 
   (-79.6123)  (7.1547)  (5.1279) 
MA(1)  -1.5784**        0.2181**    82.3520**  0.0603  0.8349  0.8455  1.9223 
   (-106.6073)       (6.7362) 
MA(2)  -1.5783**        0.2166**  0.1588** 39.1280**  0.0863  0.8091  0.8249  1.9576 
   (-95.7045)        (6.6118)  (4.8465) 
ARMA(1,1) -1.6044**  0.9580**     -0.8671**    8.4213*   0.1574  0.7273  0.7432  1.8620 
   (-43.0362)  (73.3871)     (-34.4967) 
ARIMA(1,1,1) -0.0008  0.0949*     -0.9121**    2.2380  0.4025  0.7451  0.7610  2.0051 
   (-0.7091)  (2.5757)     (-61.2037) 
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Panel B Forecasted Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.8177**  0.3662**              149.7200** 0.1341   2.7845  2.7951  2.2509 
   (-35.7289)  (11.8600) 
AR(2)  -1.8168**  0.2408**  0.3430                 31.4990**  0.2360  2.6626  2.6785  2.1144 
   (-24.9295)  (7.7147)  (10.9906) 
MA(1)  -1.8171**        0.2307**    312.4500** 0.0815  2.8427  2.8532  1.8461 
   (-44.5123)        (7.1485)  
MA(2)  -1.8163**        0.2128**   0.2945**  138.0800** 0.1694  2.7442  2.7601  1.8976 
   (-38.1952)        (6.6941)          (9.2590) 
ARMA(1,1) -1.8246**  0.9727**     -0.8229**     9.9322*  0.2936  2.5832  2.5991  2.0836 
   (-9.6067)  (94.5526)     (-32.7055) 
ARIMA(1,1,1) -0.0002  -0.0459     -0.8342**    7.1253  0.4368  2.5946  2.6104  1.9923 
   (-0.0483)  (-1.1719)     (-38.5904) 
      

 
Panel C Realized Volatility (log) 

Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -2.2517**  0.9657**              3.4645  0.9356   -1.6631  -1.6525  1.9433 
   (-22.1149)  (114.8163) 
AR(2)  -2.2522**  0.9941**  -0.0293                 2.6825  0.9354  -1.6607  -1.6448  2.0010 
   (-22.7268)  (29.9344)  (-0.8848) 
MA(1)  -2.2681**        0.8516**    2510.7000** 0.6542  0.0196  0.0301  0.6363 
   (-151.4857)       (49.9173) 
MA(2)  -2.2677**        1.1712**  0.6432** 1508.3000** 0.8076  -0.5645  -0.5487  1.1942 
   (-133.5013)       (46.2438)  (25.3456) 
ARMA(1,1) -2.2526**  0.9638**     0.0292     2.7560  0.9356  -1.6617  -1.6459  1.9989 
   (-22.6670)  (107.8071)     (0.8516) 
ARIMA(1,1,1) -0.0005  0.0252     -0.0127    4.0823  0.0002  -1.6418  -1.6260  2.0000 
   (0.1526)  (0.0099)     (-0.0050) 
a This is the Q-Statistics at lag 5 of the residual. 
Values in bracket are t-statistics. 
*Significance at the 5% level. 
**Significance at the 1% level. 
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Table 5 ARIMA(p,d,q) Models for 10-Year Overnight Call Options’ Implied, Forecasted and Realized Volatility 
AR(1), AR(2), MA(1), MA(2), ARMA(1,1) and ARIMA(1,1,1) models are fitted to the logarithm of implied, forecasted and realized volatility for the 10-Year T-Bond 
futures overnight call options. The following equations are used:  
For autoregressive models:       yt = ?1yt-1 + ?2yt-2 +….+ ?pyt-p  + et 
For moving average models:      yt =  et + ?1et-1 + ?2et-2  +…. + ?qet-q     
For autoregressive moving average models:    yt - ?1yt-1 + ?2yt-2 +….+ ?pyt-p  = et + ?1et-1 + ?2et-2  +…. + ?qet-q   
For autoregressive integrated moving average models:  ?(B)? dyt = ?(B)et  

where ? dyt = (1-L)d yt. Usually d is 1, p and q are 0, 1, or 2 and  
                                                   ?(B) = 1 - ?1B - ?2B2 - … - ?pBp 
                                                   ?(B) = 1 + ?1B + ?2B2 + … + ?pBp 
 
 

Panel A Implied Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.3685**  0.3547**              75.2840**  0.1259   0.7264  0.7360  2.1407 
   (-81.2931)  (12.1315) 
AR(2)  -1.3680**  0.2841**  0.1977**                 23.8810**  0.1596  0.6890  0.7034  2.0503 
   (-66.5043)  (9.2550)  (6.4425) 
MA(1)  -1.3690**        0.2639**    172.8600** 0.0903  0.7662  0.7759  1.8864 
   (-97.8086)        (8.7502) 
MA(2)  -1.3691**        0.2687**  0.1823** 85.9280**  0.1255  0.7287  0.7432  1.9459 
   (-86.8660)        (8.7402)  (5.9288) 
ARMA(1,1) -1.4080**  0.9833**     -0.8949**    7.5804  0.2347  0.5954  0.6099  1.8415 
   (-21.2830)  (145.9272)     (-53.6581) 
ARIMA(1,1,1) -0.0008  0.1041**     -0.9317**    1.2549  0.4116  0.5887  0.6031  2.0078 
   (-0.9892)  (3.0853)     (-58.6296) 
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Panel B Forecasted Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.7734**  0.4884**              99.5270**  0.2386   2.7863  2.7959  2.2709 
   (-29.8175)  (17.8965) 
AR(2)  -1.7778**  0.3515**  0.2818**                 34.6080**  0.3002  2.7032  2.7176  2.1223 
   (-22.3367)  (11.7180)  (9.3973) 
MA(1)  -1.7742**        0.3414**    362.5700** 0.1566  2.8878  2.8975  1.7976 
   (-41.3490)        (11.6190)  
MA(2)  -1.7747**        0.3348**   0.2309**  198.1100** 0.2123  2.8214  2.8359  1.8798 
   (-36.6533)        (11.0144)  (7.5810) 
ARMA(1,1) -1.7870**  0.9542**     -0.7330**     2.2862  0.3552  2.6221  2.6365  1.9670 
   (-10.9117)  (75.2140)     (-25.3850) 
ARIMA(1,1,1) -0.0005  0.0703       -0.8156**    3.0957  0.3581  2.6384  2.6528  2.0033 
   (-0.0952)  (1.7784)     (-35.5949) 
      

 
Panel C Realized Volatility (log) 

Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -2.1563**  0.9675**              3.1806  0.9407   -1.4814  -1.4717  1.9165 
   (-19.3562)  (127.2777) 
AR(2)  -2.1546**  1.0090**  -0.0430                 1.1815  0.9404  -1.4807  -1.4662  1.9988 
   (-20.2645)  (32.2570)  (-1.3786) 
MA(1)  -2.1118**        0.8386**    2931.2000** 0.6539  0.2864  0.2960  0.5904 
   (-131.8418)       (49.3634) 
MA(2)  -2.1124**        1.1978**  0.6640** 1785.5000** 0.8187  -0.3579  -0.3435  1.1431 
   (-116.9807)       (52.1158)  (28.7192) 
ARMA(1,1) -2.1529**  0.9649**     0.0453     1.1981  0.9408  -1.4813  -1.4669  2.0005 
   (-20.0160)  (118.0357)     (1.4062) 
ARIMA(1,1,1) -0.0015  -0.2460     0.2772    3.5145  0.0010  -1.4618  -1.4474  2.0063 
   (-0.4002)  (-0.2725)     (0.3098) 
a This is the Q-Statistics at lag 5 of the model residual. 
Values in bracket are t-statistics. 
*Significance at the 5% level. 
**Significance at the 1% level.    
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Table 6 ARIMA(p,d,q) Models for 10-Year Overnight Put Options’ Implied, Forecasted and Realized Volatility 
AR(1), AR(2), MA(1), MA(2), ARMA(1,1) and ARIMA(1,1,1) models are fitted to the logarithm of implied, forecasted and realized volatility for the 10-Year T-Bond 
futures overnight put options. The following equations are used:  
For autoregressive models:       yt = ?1yt-1 + ?2yt-2 +….+ ?pyt-p  + et 
For moving average models:      yt =  et + ?1et-1 + ?2et-2  +…. + ?qet-q     
For autoregressive moving average models:    yt - ?1yt-1 + ?2yt-2 +….+ ?pyt-p  = et + ?1et-1 + ?2et-2  +…. + ?qet-q   
For autoregressive integrated moving average models:  ?(B)? dyt = ?(B)et  

where ? dyt = (1-L)d yt. Usually d is 1, p and q are 0, 1, or 2 and  
                                                   ?(B) = 1 - ?1B - ?2B2 - … - ?pBp 
                                                   ?(B) = 1 + ?1B + ?2B2 + … + ?pBp 
 
 

Panel A Implied Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.5677**  0.3557**              63.9290**  0.1115   1.0475  1.0571  2.0021 
   (-79.1365)  (11.3171) 
AR(2)  -1.5715**  0.2753**  0.2185**                 19.3510**  0.1459  1.0066  1.0210  1.9221 
   (-63.5861)  (8.3417)  (6.6462) 
MA(1)  -1.5644**        0.2627**    146.7600** 0.0787  1.0900  1.0996  1.7646 
   (-95.1048)        (8.1077) 
MA(2)  -1.5652**        0.2539**  0.2010** 74.3530**  0.1134  1.0535  1.0680  1.8030 
   (-84.1590)        (7.7225)  (6.1125) 
ARMA(1,1) -1.6809**  0.9873**     -0.9163**    6.7075  0.2427  0.8896  0.9041  1.7665 
   (-18.5354)  (186.3535)     (-57.6448) 
ARIMA(1,1,1) -0.0014  0.0568     -0.9258**    3.8757  0.3932  0.8952  0.9097  1.8552 
   (-1.5270)  (1.5389)     (-64.3726) 
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Panel B Forecasted Volatility (log) 
Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -1.8250**  0.4417**              83.7700**  0.1950   2.6476  2.6573  2.2158 
   (-35.8768)  (15.7260) 
AR(2)  -1.8289**  0.3331**  0.2453**                 27.7910**  0.2427  2.5884  2.6029  2.0810 
   (-27.9640)  (10.9591)  (8.0746) 
MA(1)  -1.8208**        0.3137**    269.7600** 0.1318  2.7249  2.7346  1.8256 
   (-46.9830)        (10.5572)  
MA(2)  -1.8212**        0.3210**   0.2163**  136.2700** 0.1818  2.6676  2.6820  1.9124 
   (-41.3537)        (10.5100)          (7.0823) 
ARMA(1,1) -1.8575**  0.9498**     -0.7455**     2.2531  0.2947  2.5173  2.5318  1.9344 
   (-13.6848)  (66.9304)     (-24.9655) 
ARIMA(1,1,1) -0.0015  0.1004**     -0.8469**    1.2306  0.3603  2.5307  2.5452  2.0043 
   (-0.3202)  (-1.1719)     (-41.2922) 
      

 
Panel C Realized Volatility (log) 

Model  Intercept  ?1   ?2   ?1   ?2  Q-Statisticsa R2   AIC   SIC   DW 
AR(1)  -2.2816**  0.9625**              13.5330**  0.9247   -1.1843  -1.1746  1.8372 
   (-20.3691)  (111.9380) 
AR(2)  -2.2759**  1.0438**  -0.0847**                 5.7471  0.9251  -1.1886  -1.1741  1.9894 
   (-22.2522)  (33.4382)  (-2.7113) 
MA(1)  -2.2415**        0.8499**    2708.2000** 0.6534  0.3425  0.3522  0.6293 
   (-135.1726)       (52.0623) 
MA(2)  -2.2421**        1.2072**  0.6214** 1536.0000** 0.8036  -0.2235  -0.2091  1.2528 
   (-117.3920)       (49.2535)  (25.4422) 
ARMA(1,1) -2.2747**  0.9551**     0.0991**     4.9539  0.9253  -1.1904  -1.1759  2.0095 
   (-22.2404)  (97.9929)     (3.0621) 
ARIMA(1,1,1) -0.0016  -0.5712**     0.6486**    7.8576*  0.0091  -1.1721  -1.1576  2.0116 
   (-0.3563)  (-3.0514)     (3.7424) 
a This is the Q-Statistics at lag 5 of the residual. 
Values in bracket are t-statistics. 
*Significance at the 5% level. 
**Significance at the 1% level. 
 



4.3 The Relation of Implied, Forecasted and Realized Volatility 

In this section, we apply regression equations 7.7 to 7.10 and their modified formats to 

analyse the information content of implied volatility and relations between implied, 

forecasted and realized volatility for 3-Year and 10-Year T-Bond futures overnight 

options. 

 

4.3.1 Implied and Realized Volatility for 3-Year T-Bond Futures Overnight Options 

We use regression equations 7.7 and 7.9 to describe the relation between the implied 

and the realized volatility for 3-Year T-Bond futures overnight call and put options 

respectively. Panels A and B in Table 7 report results from four regression models. 

 

For equation 1 in Table 7, we may test three hypotheses. First, ? 1 should be nonzero if 

implied volatility contains information about future volatility. Second, ? 1 should equal 

1 and ? 0 should equal 0 if implied volatility is an unbiased forecast of future volatility. 

Third, the residual from the regression of equation 1 should be uncorrelated if implied 

volatility is efficient. Results indicate that we cannot reject the first hypothesis, which 

implied volatility contains information about future volatility as ? 1 equals 0.4242 for 

overnight call options and 0.1943 for overnight put options, and they are significant at 

the 1% level. Thus, it indicates that implied volatility contains some information about 

future volatility. The magnitude of the information content is greater for overnight call 

options than for put options. It also appears that implied volatility is a biased forecast of 

futures volatility as ? 1 is not 1 and ? 0 is non-zero. The negative coefficient of constant 

terms is due to the use of log form of the implied volatility rather than the level series.  

Durbin-Watson statistics are 0.3650 for overnight call options and 0.1547 for overnight 

put options and are significant different from 2. This indicates that the residual from 
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equation 1 are auto-correlated. This again was verified by the Q-Statistic at lag1 for the 

model residual, which is significant at the 1% level. We may conclude that implied 

volatility is a biased and inefficient forecast of volatility for 3-Year T-Bond futures 

overnight call and put options, but it contains information content. 

 

We use equations 2 and 3 in Table 7 to explain the information content of implied 

volatility compare to that of past realized volatility. In equation 2, we put implied 

volatility as an explanatory variable along with the past realized volatility. The 

regression coefficient for past volatility drop from 0.9602 in equation 3 to 0.9528 in 

equation 2 for overnight calls and from 0.9657 to 0.9626 for overnight puts, and they 

remain significant. The coefficient for the implied volatility in equation 2 is small in 

magnitude (0.0328 for overnight calls and 0.0206 for overnight puts), but it is 

significant at the 1% level. This indicates there is less explanatory power of the implied 

volatility compared to past realized volatility.  

 

We then put the implied volatility, its past value and past realized volatility into 

regression equation 4. Results indicate past implied volatility has more explanatory 

power than the current implied volatility, but it still has less explanatory power than the 

past realized volatility. Among four models, we may conclude that equation 2 best 

describes the relation between the implied and the realized volatility for 3-Year T-Bond 

futures overnight call and put options.   
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Table 7 The Relation Between Implied and Realized Volatility   
Ordinary Least Square estimates of equations 7.7 and 7.9 are used to determine the relation between 
implied and realized volatility for both 3-Year T-Bond futures overnight call and put options. The 
equations are:     rt = ? 0+ ? 1it + ?t    (1)  
       rt = ? 0 + ? 1it + ? 2rt-1 + ?t  (2) 
We also put two extra equations in addition to equations 7.7 and 7.9: 
       rt = ? 0 + ? 1rt-1 + ?t   (3) 
       rt = ? 0 + ? 1it + ? 2it-1 + ? 2rt-1 + ?t (4) 
Here, it denotes the natural logarithm of the Black’s implied volatility for overnight call and put options. 
rt denotes the actual volatility we estimated from the EGARCH(1,1) model for 3-Year T-Bond futures 
overnight call options and the linear GARCH(1,1) model for overnight put options. 
 

Panel A 3-Year T-Bond Futures Overnight Call Options 

Dependent Variable: Log Realized Volatility (rt) 
Constant   it       it-1      rt-1    Q-Statistics8  R2  DW  

Eq1 -1.5976**      0.4242**        571.2100**  0.0985 0.3650 
(-24.9932)         (9.7545) 

 
Eq2 -0.0596**      0.0328**   0.9528**     1.5795   0.9340 2.0841 

(-2.6368)      (2.6660)    (104.6352) 
 
Eq3 -0.0901**             0.9602**     0.9194   0.9334 1.9346 

(-4.6088)           (110.4449) 
 
Eq4 0.1752**              -0.0159*  0.3046**  0.8929**      10.9310**  0.9792 1.7700 

(12.6988)       (-2.2775) (43.4174) (168.5437) 
  
 

Panel B 3-Year T-Bond Futures Overnight Put Options 

Dependent Variable: Log Realized Volatility (rt) 
Constant   it       it-1      rt-1    Q-Statistics9  R2  DW  

Eq1 -1.9615**       0.1943**        773.7700**  0.0314 0.1547 
(-33.7624)         (5.4292) 

 
Eq2 -0.0519*      0.0206*    0.9626**     0.1128   0.9359 2.0221 

(-2.3026)      (2.2013)    (113.0639) 
 
Eq3 -0.0772**             0.9657**     0.7341   0.9356 1.9433 

(-3.9812)           (114.8163) 
 
Eq4 0.0836**              -0.0193*  0.1523**  0.9440**     2.9620   0.9534 1.9035 

(4.0620)       (-2.3315) (18.4223) (128.6951) 
*Significance at the 5% level. 
**Significance at the 1% level. 
 

 

 

 

                                                             
8 This is the Q-Statistic at lag 1 for the residual from the regression. 
9 This is the Q-Statistic at lag 1 for the residual from the regression. 
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4.3.2 Implied and Realized Volatility for 10-Year T-Bond Futures Overnight Options 

Panels A and B in Table 8 report results from four regression models for10-Year T-

Bond futures overnight call and put options. 

 

Similar with what we found for 3-Year T-Bond futures overnight options, results 

indicate that we cannot reject at least 1 hypothesis, which implied volatility contains 

information about future volatility as ? 1 equals 0.3886 for overnight call options and 

0.2923 for overnight put options and are significant at the 1% level. Thus, it indicates 

that implied volatility contains some information about future volatility. The magnitude 

of the information content is greater for overnight call options than for put options. It 

also appears that implied volatility is a biased forecast of futures volatility as ? 1 is not 1 

and ? 0 is non-zero. The negative coefficient of constant terms is due to the use of log 

form of the implied volatility rather than the level series.  Durbin-Watson statistics are 

0.2607 for overnight call options and 0.2244 for overnight put options and are 

significant different from 2. This indicates the residual from equation 1 are auto-

correlated. This again was verified by the significant number of the Q-Statistic at lag1 

for the model residual. We may conclude that implied volatility is a biased and 

inefficient forecast of volatility for 10-Year T-Bond futures overnight call and put 

options, but it contains information content. 

 

Equations 2 and 3 in Table 8 explain the information content of implied volatility 

compare to that of past realized volatility. In equation 2, we put implied volatility as an 

explanatory variable along with the past realized volatility. The regression coefficient 

for past volatility drop from 0.9675 in equation 3 to 0.9623 in equation 2 for overnight  
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Table 8 The Relation Between Implied and Realized Volatility   
Ordinary Least Square estimates of equations 7.7 and 7.9 are used to determine the relation between 
implied and realized volatility for both 10-Year T-Bond futures overnight call and put options. The 
equations are:     rt = ? 0+ ? 1it + ?t    (1)  
       rt = ? 0 + ? 1it + ? 2rt-1 + ?t  (2) 
We also put two extra equations in addition to equations 7.7 and 7.9: 
       rt = ? 0 + ? 1rt-1 + ?t   (3) 
       rt = ? 0 + ? 1it + ? 2it-1 + ? 2rt-1 + ?t (4) 
Here, it denotes the natural logarithm of the Black’s implied volatility for overnight call and put options. 
rt denotes the actual volatility we estimated from the linear GARCH(1,1) model for 10-Year T-Bond 
futures overnight call options and the EGARCH(1,1) for overnight put options. 
 

Panel A 10-Year T-Bond Futures Overnight Call Options 

Dependent Variable: Log Realized Volatility (rt) 
Constant   it       it-1      rt-1    Q-Statistics10  R2  DW  

Eq1 -1.5795**      0.3886**        770.3000**  0.0928 0.2607 
(-29.1115)         (10.2313) 

 
Eq2 -0.0509**      0.0220*     0.9623**     0.1555   0.9409 1.9746 

(-2.7296)      (2.1687)    (120.9271) 
 
Eq3 -0.0700**             0.9675**     1.7650   0.9407 1.9165 

(-4.2580)           (127.2777) 
 
Eq4 0.0474**              -0.0244**  0.1602**  0.9351**      7.8801**  0.9541 1.8222 

(2.7204)       (-2.6040) (17.1152) (129.9408) 
  
 

Panel B 10-Year T-Bond Futures Overnight Put Options 

Dependent Variable: Log Realized Volatility (rt) 
Constant   it       it-1      rt-1    Q-Statistics11  R2  DW  

Eq1 -1.7839**       0.2923**        808.1500**  0.0679 0.2244 
(-32.4492)         (8.6276) 

 
Eq2 -0.0576*      0.0260**   0.9569**     2.7520   0.9252 1.8962 

(-2.5730)      (2.6129)    (108.1668) 
 
Eq3 -0.0855**             0.9625**     6.7767**  0.9247 1.8372 

(-4.3363)           (111.9380) 
 
Eq4 0.0697**              -0.0177*  0.1613**  0.9319**     11.4220**  0.9407 1.7867 

(3.2571)       (-1.9102) (16.3192) (116.0945) 
*Significance at the 5% level. 
**Significance at the 1% level. 
  

calls and from 0.9625 to 0.9569 for overnight puts, and they remain significant. The 

coefficient for the implied volatility in equation 2 is small in magnitude (0.0220 for 

overnight calls and 0.0260 for overnight puts), but it is significant at the 1% level, 

                                                             
10 This is the Q-Statistic at lag 1 for the residual from the regression. 
11 This is the Q-Statistic at lag 1 for the residual from the regression. 
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indicating there is less explanatory power of the implied volatility compared to past 

realized volatility. 

 

We then put the implied volatility, its past value and past realized volatility into 

regression equation 4. Results indicate past implied volatility has more explanatory 

power than the current implied volatility, but it still has less explanatory power than the 

past realized volatility. Among four models, we may conclude that equation 2 is the 

best model to describe the relation between the implied and the realized volatility for 

10-Year T-Bond futures overnight call and put options.   

 

4.3.3 Implied and Forecasted Volatility for 3-Year T-Bond Overnight Options 

We use regression equations 7.8 and 7.10 to describe the relation between the implied 

and the forecasted volatility for 3-Year T-Bond futures overnight call and put options 

respectively.  Panels A and B in Table 7.9 report results from four regression models. 

 

For equation 1 in Table 9, results indicate that we cannot reject the first hypothesis, 

which implied volatility contains information about future volatility as ? 1 equals 

0.3260 for overnight call options and 0.2579 for overnight put options, and they are 

significant at the 1% level. Thus, it indicates that implied volatility contains some 

information about forecasted volatility. The magnitude of the information content is 

greater for overnight call options than for put options. It also appears that implied 

volatility is a biased forecast of futures volatility as ? 1 is not 1 and ? 0 is non-zero. The 

negative coefficient of constant terms is due to the use of log form of the implied 

volatility rather than the level series.  Durbin-Watson statistics are 1.4772 for overnight 

call options and 1.3348 for overnight put options and are significant different from 2. 
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This indicates the residual from equation 1 are auto-correlated. This again was verified 

by the significant number of the Q-Statistic at lag1 for the model residual. We may 

conclude that implied volatility is a biased and inefficient measure of forecasted 

volatility for 3-Year T-Bond futures overnight call and put options. 

 

We use equations 2 and 3 in Table 9 to explain the information content of implied 

volatility compare to that of past realized volatility. In equation 2, we put implied 

volatility as an explanatory variable along with the past forecasted volatility. The 

regression coefficient for past forecasted volatility drop from 0.3157 in equation 3 to 

0.3043 in equation 2 for overnight calls and from 0.3662 to 0.3604 for overnight puts, 

and they remain significant. The coefficient for the implied volatility in equation 2 is 

0.1991 and significant at the 5% level for overnight calls and 0.1473 and insignificant 

for overnight puts, they are smaller than the coefficient of past forecasted volatility. 

This indicates implied volatility has relative low explanatory power compared to the 

past forecasted volatility. 

 

We then put the implied volatility, its past value and past forecasted volatility into 

regression equation 4. Results indicate past implied volatility has more explanatory 

power than the current implied volatility. It also has more explanatory power than the 

past forecasted volatility, as the magnitude of the coefficient for the past implied 

volatility is greater than for the past forecasted volatility and is significant at the 1% 

level.  Thus, we may conclude that implied volatility contains information about 

forecasted volatility. 
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Table 9 The Relation Between Implied and Forecasted Volatility 
Ordinary Least Square estimates of equations 7.8 and 7.10 are used to determine the relation between 
implied and forecasted volatility for both 3-Year T-Bond futures overnight call and put options. The 
equations are:     ft = ? 0+ ? 1it + ?t    (1) 
       ft = ? 0 + ? 1it + ? 2ft-1 + ?t  (2) 
We also put two extra equations in addition to equations 7.8 and 7.10: 
       ft = ? 0 + ? 1ft-1 + ?t   (3) 
       ft = ? 0 + ? 1it-1 + ? 2ft-1 + ?t  (4) 
Here, it denotes the natural logarithm of the Black’s implied volatility for overnight call and put options. 
ft denotes the forecasted volatility we forecasted from the EGARCH(1,1) model for 3-Year T-Bond 
futures overnight call options and the linear GARCH(1,1) model for overnight put options. 
 

Panel A 3-Year T-Bond Futures Overnight Call Options 

Dependent Variable: Log Forecasted Volatility (rt) 
Constant  it       it-1       ft-1     Q-Statistics  R2  DW  

Eq1 -1.2754**       0.3260**         59.7000**  0.0148 1.4772 
(-9.6381)      (1.5793) 

 
Eq2 -0.9262**       0.1991*    0.3043**       6.4075*  0.1052 2.1678 

(-7.0336)      (2.2907)    (9.3745) 
 
Eq3 -1.1916**            0.3157**       3.5895   0.0998 2.1239 

(-18.9994)           (9.8188) 
 
Eq4 -0.0193       0.0019   0.8640** 0.2763**      5.3510*  0.2026 2.1502 

(-0.1270)       (0.0220)   (10.2968)  (8.9767)    
 
 

Panel B 3-Year T-Bond Futures Overnight Put Options 
Dependent Variable: Log Forecasted Volatility (rt) 

Constant  it       it-1       ft-1     Q-Statistics  R2  DW  
Eq1 -1.4100**       0.2579**         101.0400**  0.0087 1.3348 

(-9.5308)      (2.8299) 
 
Eq2 -0.9300**       0.1473     0.3604**       17.4550**  0.1369 2.2764 

(-6.4383)      (1.7180)    (11.6116) 
 
Eq3 -1.1520**            0.3662**       14.3820**  0.1341 2.2509 

(-17.7968)           (11.8600) 
 
Eq4 -0.0697      -0.0693   0.7822** 0.3426**      13.3090**  0.2105 2.2408 

(-0.4176)       (-0.8122)   (9.1858)  (11.5093)    
*Significance at the 5% level. 
**Significance at the 1% level. 
 
  
4.3.4 Implied and Forecasted Volatility for 10-Year T-Bond Overnight Options 

We use the regression equations 7.8 and 7.10 to describe the relation between the 

implied and the forecasted volatility for 10-Year T-Bond futures overnight call and put 

options respectively.   Panels A and B in Table 9 report results from four regression 

models. 
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For equation 1 in Table 10, results indicate that we cannot reject the first hypothesis, 

which implied volatility contains information about future volatility as ? 1 equals 

0.4236 for overnight call options and 0.3380 for overnight put options, and they are 

significant at the 1% level. Thus, it indicates that implied volatility contains some 

information about forecasted volatility. The magnitude of the information content is 

greater for overnight call options than for put options. It also appears that implied 

volatility is a biased forecast of futures volatility as ? 1 is not 1 and ? 0 is non-zero. The 

negative coefficient of constant terms is due to the use of log form of the implied 

volatility rather than the level series.  Durbin-Watson statistics are 1.1227 for overnight 

call options and 1.1963 for overnight put options and are significant different from 2. 

This indicates the residual from equation 1 are auto-correlated. This again was verified 

by the significant number of the Q-Statistic at lag1 for the model residual. We may 

conclude that implied volatility is biased and inefficient measure of forecasted volatility 

for 10-Year T-Bond futures overnight call and put options. 

 

We use equations 2 and 3 in Table 10 to explain the information content of implied 

volatility compare to that of past realized volatility. In equation 2, we put implied 

volatility as an explanatory variable along with the past forecasted volatility. The 

regression coefficient for past forecasted volatility drop from 0.4884 in equation 3 to 

0.4781 in equation 2 for overnight calls and from 0.4417 to 0.4324 for overnight puts, 

and they remain significant. The coefficient for the implied volatility in equation 2 is 

0.1972 and significant at the 5% level for overnight calls and 0.238 and significant at  
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Table 10 The Relation Between Implied and Forecasted Volatility  
Ordinary Least Square estimates of equations 7.8 and 7.10 are used to determine the relation between 
implied and forecasted volatility for both 10-Year T-Bond futures overnight call and put options. The 
equations are:     ft = ? 0+ ? 1it + ?t    (1) 
       ft = ? 0 + ? 1it + ? 2ft-1 + ?t  (2) 
We also put two extra equations in addition to equations 7.8 and 7.10: 
       ft = ? 0 + ? 1ft-1 + ?t   (3) 
       ft = ? 0 + ? 1it-1 + ? 2ft-1 + ?t  (4) 
Here, it denotes the natural logarithm of the Black’s implied volatility for overnight call and put options. 
ft denotes the forecasted volatility we forecasted from the linear GARCH(1,1) model for 10-Year T-Bond 
futures overnight call options, and the EGARCH(1,1) for overnight put options. 
 

Panel A 10-Year T-Bond Futures Overnight Call Options 

Dependent Variable: Log Forecasted Volatility (rt) 
Constant  it       it-1       ft-1     Q-Statistics  R2  DW  

Eq1 -1.1943**       0.4236**         197.7500**  0.0199 1.1227 
(-9.0681)      (4.5614) 

 
Eq2 -0.6556**       0.1972*    0.4781**       23.4720**  0.2428 2.2991 

(-5.4637)      (2.3829)    (17.3404) 
 
Eq3 -0.9072**            0.4884**       19.2730**  0.2386 2.2709 

(-15.8660)           (17.8965) 
 
Eq4 -0.0163       -0.0594   0.7521** 0.4562**      16.2270**  0.2973 2.2471 

(-0.1194)       (-0.6998)   (8.8902)  (17.0929)    
 
 

Panel B 10-Year T-Bond Futures Overnight Put Options 
Dependent Variable: Log Forecasted Volatility (rt) 

Constant  it       it-1       ft-1     Q-Statistics  R2  DW  
Eq1 -1.2922**       0.3380**         165.1600**  0.0210 1.1963 

(-11.0305)      (4.6811) 
 
Eq2 -0.6634**       0.2380**    0.4324**       17.1540**  0.2053 2.2586 

(-5.8279)      (3.6316)    (15.4231) 
 
Eq3 -1.0189**            0.4417**       12.1420**  0.1950 2.2158 

(-17.4336)           (15.7260) 
 
Eq4 -0.0586      -0.0550   0.6012** 0.4072**      13.5690**  0.2564 2.2289 

(-0.4449)       (-0.8197)   (8.3692)  (14.9155)    
*Significance at the 5% level. 
**Significance at the 1% level. 
  
 

the 1% level for overnight puts, they are smaller than the coefficient of past forecasted 

volatility. This indicates implied volatility has relative low explanatory power 

compared to the past forecasted volatility. 
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We then put the implied volatility, its past value and past forecasted volatility into 

regression equation 4. Results indicate past implied volatility has more explanatory 

power than the current implied volatility. It also has more explanatory power than the 

past forecasted volatility, as the magnitude of the coefficient for the past implied 

volatility is greater than for the past forecasted volatility and is significant at the 1% 

level.  Thus, we may conclude that implied volatility contains information about 

forecasted volatility. 

 

4.4 An Alternative Specification of Implied and Realized Volatility 

Previous sections suggested that although implied volatility has some information 

contents about futures volatility, it is a biased and inefficient measurement. We use 

regression equation 7.11 as an alternative specification to test the relation between the 

implied and the realized volatility for both 3-Year and 10-Year T-Bond futures 

overnight call and put options. First, regression equation 7.11 is applied. Second, fitted 

value of implied volatility from equation 7.11 replaces implied volatility in equation 

7.9. Finally, the specifications are re-estimated by OLS. 

 

4.4.1 3-Year T-Bond Futures Overnight Options 

Panels A and B in Table 11 present the alternative specification of implied and realized 

volatility for 3-Year T-Bond futures overnight call and put options respectively.  The 

first part in Panels A and B are the first step of the alternative specification, which 

regress implied volatility with its past value and past realized volatility (Equation 7.11). 

Fitted value of implied volatility is used in the second part in Panels A and B, which 

regress realized volatility on the fitted implied volatility and its past value (Equation 

7.9). 
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Results indicate we get an improved model compared to the result in 4.3.1, as 

coefficients of implied volatility in the second part of Panels A and B are significant at 

the 1% level and greater in magnitude, and R squared has improved a lot. But they are 

still far from unity, and the Q-statistic for the 3-Year T-Bond futures overnight call 

option is significant. This indicates implied volatility does contain information content 

but is biased and inefficient even after we adjust for error-in-variable by using the 

instrumental variable in our regression equations. 

Table 11 Alternative Specification of Implied and Realized Volatility 
Ordinary Least Square estimates of equation 7.11(part 1) is used as an alternative way to determine the 
relation between implied and realized volatility for both 3-Year T-Bond futures overnight call and put 
options. The equations are:     it = ?0 + ?1it-1 + ?2rt-1 + ?t      
Here, it denotes the natural logarithm of the Black’s implied volatility for overnight call and put options. 
rt denotes the actual volatility we estimated from the EGARCH(1,1) model for 3-Year T-Bond futures 
overnight call options and the linear GARCH(1,1) model for overnight put options. The fitted value of 
the above regression equation replaces the it term in equation 7.9 (part 2) and the specifications is 
estimated again. 
 

Panel A 3-Year T-Bond Futures Overnight Call Options 

Part 1: IV Estimates (Equation 7.11) 
Dependent Variable: Log Implied Volatility (it) 
Independent Variables: 
Constant    it-1         rt-1      Q-Statistics  R2  DW  
-0.7829**   0.1607**   0.1904**     0.0345   0.1179 2.0083 
(-12.7592)   (4.7884)   (7.6619) 
 
Part 2: Specification Re-Estimation (Equation 7.9) 
Dependent Variable: log Realized Volatility (rt) 
Independent Variables:  
Constant   it    rt-1   Q-Statistics  R2  DW  
1.6595**   1.8800**   0.5320**    11.8730**  0.9791 1.7613 
(39.8153)   (43.5116)   (48.4390) 

 
Panel B 3-Year T-Bond Futures Overnight Put Options 

Part 1: IV Estimates (Equation 7.11) 
Dependent Variable: Log Implied Volatility (it) 
Independent Variables: 
Constant    it-1         rt-1      Q-Statistics  R2  DW  
-0.9154**   0.2619**   0.1103**      1.2563   0.0946 2.0717 
(-11.9014)   (8.1660)   (3.7694) 
 
Part 2: Specification Re-Estimation (Equation 7.9) 
Dependent Variable: log Realized Volatility (rt) 
Independent Variables:  
Constant   it    rt-1   Q-Statistics  R2  DW  
0.6159**   0.5622**   0.8799**     2.2525   0.9531 1.8990 
(14.9758)   (18.4103)   (102.7699) 
*Significance at the 5% level. 
**Significance at the 1% level. 
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4.4.2 10-Year T-Bond Futures Overnight Options 

Panels A and B in Table 12 present the alternative specification of implied and realized 

volatility for 10-Year T-Bond futures overnight call and put options respectively.  The 

first part in Panels A and B are the first step of the alternative specification, which 

regress implied volatility with its past value and past realized volatility (Equation 7.11). 

Fitted value of implied volatility is used in the second part in  

 

Table 12 Alternative Specification of Implied and Realized Volatility 
Ordinary Least Square estimates of equation 7.11(part 1) is used as an alternative way to determine the 
relation between implied and realized volatility for both 10-Year T-Bond futures overnight call and put 
options. The equations are:     it = ?0 + ?1it-1 + ?2rt-1 + ?t      
Here, it denotes the natural logarithm of the Black’s implied volatility for overnight call and put options. 
rt denotes the actual volatility we estimated from the linear GARCH(1,1) model for 10-Year T-Bond 
futures overnight call put options. The fitted value of the above regression equation replaces the it term in 
equation 7.9 (part 2) and the specifications is estimated again. 
 

Panel A 10-Year T-Bond Futures Overnight Call Options 

Part 1: IV Estimates (Equation 7.11) 
Dependent Variable: Log Implied Volatility (it) 
Independent Variables: 
Constant    it-1         rt-1      Q-Statistics  R2  DW  
-0.6190**   0.2899**   0.1671**     1.7787   0.1671 2.0813 
(-11.2661)   (9.6705)   (7.1088) 
 
Part 2: Specification Re-Estimation (Equation 7.9) 
Dependent Variable: log Realized Volatility (rt) 
Independent Variables:  
Constant   it    rt-1   Q-Statistics  R2  DW  
0.3895**   0.5283**   0.8427**    8.7956**   0.9538 1.8121 
(12.7201)   (17.0456)   (84.8572) 
 

 
Panel B 10-Year T-Bond Futures Overnight Put Options 

Part 1: IV Estimates (Equation 7.11) 
Dependent Variable: Log Implied Volatility (it) 
Independent Variables: 
Constant    it-1         rt-1      Q-Statistics  R2  DW  
-0.7409**   0.3089**   0.1528**      2.5389   0.1390 1.9639 
(-10.8009)   (9.6452)   (5.7127) 
 
Part 2: Specification Re-Estimation (Equation 7.9) 
Dependent Variable: log Realized Volatility (rt) 
Independent Variables:  
Constant   it    rt-1   Q-Statistics  R2  DW  
0.4567**   0.5046**   0.8521**  12.8910**   0.9405 1.7746 
(12.2327)   (16.4488)   (83.7403) 
*Significance at the 5% level. 
**Significance at the 1% level. 
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Panels A and B, which regress realized volatility on the fitted implied volatility  and its 

past value (Equation 7.9). 

 

Results indicate we get an improved model compared to the result in 4.3.2, as 

coefficients of implied volatility in the second part of Panels A and B are significant at 

the 1% level and greater in magnitude, and also R squared has improved a lot. But they 

are still far from unity, and Q-statistics for the 10-Year T-Bond futures overnight call 

and put option are significant. This indicates implied volatility does contain 

information content but is biased and inefficient even after we adjust for error-in-

variable by using the instrumental variable in our regression equations. 

 
    
 

4.5 Implied, Forecasted and Realized Volatility: Put It Together 

In this section, we use Vector Autoregressive Model to perform an analysis across 

implied, forecasted and realized volatility for 3-Year and 10-Year T-Bond futures 

overnight call and put options. We then use multiple regression models to optimise our 

models from the VAR for each variable, and find out a model that best describes the 

relation between the three variables. 

  

Panels A and B in Tables 13 and 14 present the multiple regression models12 for the 

implied, the forecasted and the realized volatility for both 3-Year and 10-Year T-Bond 

futures overnight call and put options. 

 

Among the three models, we conclude that the last model (the fourth column in Tables 

13 and 14) is the optimal model to describe the relation between the realized, the  

                                                             
12 See Appendix for the output from the VAR. 
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Table 13 Optimal Model for 3-Year T-Bond Futures Overnight Options 
We fit an VAR model for implied, forecasted and realized volatility to determine how many lags are 
necessary for each variable, and how many variables we should put for the multiple regression models. 
And then 3 multiple regressions are generated to determine an optimal model to best describe the relation 
between implied, forecasted, and realized volatility. 
                                 Panel A Overnight Call Options 
          Dependent Variables 
Independent Variables   Logimplied  Logforecasted  Logrealized 
Constant     -0.6137**   -0.8574**   0.1195** 
      (-8.0022)   (-7.1021)   (10.9656) 
Logimplied(-1)    0.2320**   -1.8672**   0.2663** 
      (4.8879)   (-17.7682)   (51.8490) 
Logimplied(-2)    0.2044**          -    -0.0383** 
      (4.4813)               (-3.7171) 
Logforecasted         -           -    0.0589** 
               (29.2537) 
Logforecasted(-1)        -    0.0902**   -0.0100** 
                (3.5785)   (-3.5468) 
Logforecasted(-2)        -    0.0521*                  - 
          (2.1295) 
Logrealized    -0.2776*   8.3659**                            - 
      (-2.4085)   (29.1768) 
Logrealized(-1)          -    -6.8730**   0.9751** 
          (-26.5222)   (28.9040) 
Logrealized(-2)    0.3665**            -   -0.1067** 
      (3.8689)       (-3.6995) 
R-squared     0.1301   0.6276   0.9896 
Durbin-Watson Statistic  2.0111   1.9460   2.0256 
Q-Statistic     0.0297   0.5675   0.1900 
 

Panel B Overnight Put Options 
          Dependent Variables 
Independent Variables   Logimplied  Logforecasted  Logrealized 
Constant     -0.9144**   0.6906**           - 
      (-14.2651)   (4.3353)     
Logimplied(-1)    0.2275**   -0.3305**   0.1082** 
      (6.9390)   (-4.7406)   (18.0822) 
Logimplied(-2)    0.1627**    0.1551**   -0.0231** 
      (4.9745)   (2.2028)   (-3.3169) 
Logforecasted         -           -    0.0692** 
               (27.0977) 
Logforecasted(-1)        -    0.1746**   -0.0147** 
                (5.4711)   (-4.4275) 
Logforecasted(-2)   0.0271**   0.1910**           -0.0122** 
      (2.3685)   (7.2684)   (-4.4633) 
Logrealized         -    6.3489**                            - 
           (26.5904) 
Logrealized(-1)         -    -6.3983**   1.0157** 
          (-16.1682)   (31.2376) 
Logrealized(-2)         -            0.9860**   -0.1093** 
           (3.4701)   (-3.7345) 
R-squared     0.1111   0.6241   0.9738 
Durbin-Watson Statistic  2.0306   2.1017   2.0596 
Q-Statistic     0.2359   2.4774   0.8809 
*Significance at the 5% level 
**Significance at the 1% level. 
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Table 14 Optimal Model for 10-Year T-Bond Futures Overnight Options 
We fit an VAR model for implied, forecasted and realized volatility to determine how many lags are 
necessary for each variable, and how many variables we should put for the multiple regression models. 
And then 3 multiple regressions are generated to determine an optimal model to best describe the relation 
between implied, forecasted, and realized volatility. 
                                Panel A Overnight Call Options 
          Dependent Variables 
Independent Variables   Logimplied  Logforecasted  Logrealized 
Constant     -0.4789**   0.6563**   -0.0346* 
      (-8.0662)   (5.5400)   (-2.5237) 
Logimplied(-1)    0.2590**   -0.4279**   0.1221** 
      (8.2797)   (-6.2255)   (17.3461) 
Logimplied(-2)    0.1594**    0.1943**   -0.0324** 
      (5.1657)   (2.7907)         (-4.0843) 
Logforecasted    -0.0313**          -    0.0774** 
      (-2.7763)        (29.2993) 
Logforecasted(-1)        -    0.2626**   -0.0170** 
                (8.6176)   (-4.7705) 
Logforecasted(-2)        -    0.1108**            -0.0070** 
          (4.3941)   (-2.4013) 
Logrealized         -    5.9168**                            - 
           (29.2993) 
Logrealized(-1)         -    -6.2623**   1.0204** 
          (-18.7088)   (33.1662) 
Logrealized(-2)    0.1764**   1.3311**   -0.1391** 
      (6.5597)   (5.5635)   (-5.0701) 
R-squared     0.1938   0.6623   0.9753 
Durbin-Watson Statistic  2.0254   2.0710   2.0280 
Q-Statistic     0.1781   1.2972   0.2259 
 

Panel B Overnight Put Options 
          Dependent Variables 
Independent Variables   Logimplied  Logforecasted  Logrealized 
Constant     -0.5465**   0.6404**   -0.0414* 
      (-7.4310)   (5.7700)   (-2.5807) 
Logimplied(-1)    0.2416**   -0.3557**   0.1168** 
      (7.3135)   (-6.4763)   (16.4097) 
Logimplied(-2)    0.2108**    0.1994**   -0.0329** 
      (6.2479)   (3.5956)   (-4.1631) 
Logforecasted         -           -    0.1023** 
               (32.6703) 
Logforecasted(-1)   -0.0462**   0.1600**   -0.0121** 
      (-3.1309)   (5.1830)   (-2.7087) 
Logforecasted(-2)        -    0.0789**           -0.0069* 
           (3.1935)   (-1.9580) 
Logrealized         -    5.0131**                            - 
           (32.6703) 
Logrealized(-1)         -    -4.8337**   0.9805** 
          (-18.2480)   (31.7473) 
Logrealized(-2)    0.1775**           0.8321**   -0.1246** 
      (5.7903)   (4.4246)   (-4.6426) 
R-squared     0.1732   0.6764   0.9715 
Durbin-Watson Statistic  1.9163   2.0426   2.0341 
Q-Statistic     0.7845   0.4840   0.3048 
*Significance at the 5% level. 
**Significance at the 1% level. 
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forecasted and the implied volatility for both 3-Year and 10-Year T-Bond futures 

overnight call and put options. It indicates that the realized volatility is best described 

by past implied volatility, current forecasted and past forecasted volatility and it own 

past values for both 3-Year and 10-Year T-Bond futures overnight call and put options. 

 

4.7 Implied Volatility In GARCH Models 

We use another alternative method suggested by Day and Lewis (1992) to test the 

information content of implied volatility. We add the implied volatility to linear and 

non-linear GARCH models as an exogenous variable and test whether or not implied 

volatility contains information content. More specifically, for 3-Year T-Bond futures 

overnight call option and 10-Year T-Bond futures overnight put options, implied 

volatility is adding to the conditional variance equation of the EGARCH(1,1)13 model 

as an exogenous variable. For 3-Year T-Bond futures overnight put options and 10-

Year T-Bond futures overnight call options, implied volatility is adding to the 

conditional variance equation of the linear GARCH(1,1)14 model as an exogenous 

variable. 

  

Panels A, B, C and D in Tables 7.15 present results from linear and non-linear GARCH 

models with implied volatility as an exogenous variable for both 3-Year and 10-Year 

T-Bond futures overnight call and put options.  Coefficients of the exogenous variable 

(implied volatility) are statistically significant at the 1% level for all 3-Year and 10-

Year overnight call and put options.  Thus, we may conclude that implied volatility 

does contain information content for future volatility, under the framework by adding 

implied volatility as an exogenous variable into the GARCH estimation. This result is 

                                                             
13 See Zou, Rose and Pinfold (2003) for detailed explanation of the non-linear GRACH models. 
14 See Zou, Rose and Pinfold (2003) for detailed explanation of the linear GRACH models. 
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consistent with most previous studies, and it also supports what we found in early 

regression analysis. 

 
Table 15 GARCH Models for 3-Year and 10-Year T-Bond Overnight Options 
The EGARCH(1,1) model is used for 3-Year T-Bond futures overnight call options and the linear 
GARCH(1,1) model is used for 3-Year T-Bond futures overnight put options. The implied volatility is 
added to the conditional variance equation. The conditional variance equation for 3-Year overnight call 

options and 10-Year T-Bond futures overnight put options is log? 2
t = ? 0 + ?

?

p

i 1

? i log2(? t-i) + ?
?

q

j 1

 

? j ?
?
?
?

?

?
?
?

?
?

?

?
?

?

?
/2

1t

it
? 

1?

?

t

it

?
?

 + logimpliedt for the EGACH(1,1) model, the conditional variance 

equation for 3-Year overnight put options and 10-Year T-Bond futures overnight call options is ? 2
t = ?  + 

? ?2
t-1 + ?? 2

t-1 + logimpliedt for the linear GARCH(1,1) model. 
  

  
    Panel A Overnight Call Options  

Dependent Variable: Volatility 
 Coefficient Std. Error z-Statistic Prob.  

C -0.006335 0.000724 -8.745730 0.0000 
MA(1) -0.945488 0.006305 -149.9536 0.0000 

         
Variance Equation 

C -4.628506 0.336471 -13.75604 0.0000 
|RES|/SQR[GARCH](1) 0.321903 0.087846 3.664391 0.0002 
RES/SQR[GARCH](1) -0.254863 0.064520 -3.950122 0.0001 

EGARCH(1) 0.325526 0.057474 5.663896 0.0000 
IMPLIED 10.16104 0.742991 13.67585 0.0000 

R-squared 0.374710     Mean dependent var -0.000577 
Adjusted R-squared 0.370378     S.D. dependent var 0.466521 
S.E. of regression 0.370179     Akaike info criterion 0.149814 
Sum squared resid 118.6698     Schwarz criterion 0.188077 
Log likelihood -58.39402     F-statistic 86.49308 
Durbin-Watson stat 1.684671     Prob(F-statistic) 0.000000 
 

    Panel B Overnight Put Options 

Dependent Variable: Volatility 
 Coefficient Std. Error z-Statistic Prob.  

C -0.010217 0.000992 -10.29603 0.0000 
MA(1) -0.893754 0.011202 -79.78588 0.0000 

         
Variance Equation 

C -0.086813 0.008282 -10.48230 0.0000 
ARCH(1) 0.158658 0.055504 2.858473 0.0043 

GARCH(1) 0.234720 0.075427 3.111884 0.0019 
IMPLIED 0.627670 0.056661 11.07766 0.0000 

R-squared 0.374560     Mean dependent var -0.000753 
Adjusted R-squared 0.371105     S.D. dependent var 0.439084 
S.E. of regression 0.348207     Akaike info criterion 0.104501 
Sum squared resid 109.7294     Schwarz criterion 0.136210 
Log likelihood -41.60001     F-statistic 108.3963 
Durbin-Watson stat 1.775555     Prob(F-statistic) 0.000000 
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  Panel C 10-Year Overnight Call Options 

Dependent Variable: Volatility 
 Coefficient Std. Error z-Statistic Prob.  

C -0.009939 0.001015 -9.794381 0.0000 
MA(1) -0.869418 0.014985 -58.02033 0.0000 

        
 Variance Equation 

C -0.108455 0.027606 -3.928662 0.0001 
ARCH(1) 0.162016 0.039269 4.125838 0.0000 

GARCH(1) 0.365506 0.073537 4.970351 0.0000 
IMPLIED 0.597822 0.141419 4.227306 0.0000 

R-squared 0.403916     Mean dependent var -0.000613 
Adjusted R-squared 0.400991     S.D. dependent var 0.480178 
S.E. of regression 0.371637     Akaike info criterion 0.229704 
Sum squared resid 140.7383     Schwarz criterion 0.258576 
Log likelihood -111.7231     F-statistic 138.0983 
Durbin-Watson stat 1.907476     Prob(F-statistic) 0.000000 
 

Panel D 10-Year T-Bond Overnight Put Options 

Dependent Variable: Volatility 
 Coefficient Std. Error z-Statistic Prob.  

MA(1) -0.895241 0.013338 -67.11816 0.0000 
        

 Variance Equation 
C -2.598122 0.377703 -6.878736 0.0000 

|RES|/SQR[GARCH](1) 0.401708 0.119688 3.356288 0.0008 
RES/SQR[GARCH](1) -0.078275 0.039140 -1.999875 0.0455 

EGARCH(1) 0.518868 0.072787 7.128606 0.0000 
IMPLIED 4.699673 0.689079 6.820225 0.0000 

R-squared 0.432391     Mean dependent var -0.000617 
Adjusted R-squared 0.429603     S.D. dependent var 0.452447 
S.E. of regression 0.341709     Akaike info criterion 0.406748 
Sum squared resid 118.8667     Schwarz criterion 0.435643 
Log likelihood -202.2548     Durbin-Watson stat 1.937509 

 

 

5. Conclusions 

In this chapter we address several questions in relation to the implied volatility which is 

implied by the Black’s model, the forecasted volatility and the realized volatility which 

is generated from linear and non-linear GARCH models. First, we test whether or not 

implied volatility is an unbiased and efficient measure of future volatility. Second, we 

test whether or not implied volatility contains information content about future 

volatility. Third, we identify the relation between the implied, the forecasted, and the 

realized volatility. 
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We use intra-night time stamped trade data from January 1996 to May 2002 for both 3-

Year and 10-Year T-Bond futures overnight options. Most previous studies indicate 

that implied volatility is both biased and inefficient. Christensen and Prabhala (1998) 

design a different research by putting an instrumental variable into regression equation 

to examine the relation between implied and realized volatility and they found that 

implied volatility is unbiased and efficient. Here we adopt similar methodology to 

measure 3-Year and 10-Year T-Bond futures overnight option. Our results suggest that 

implied volatility is biased and inefficient. This may due to different market structure 

or different risk characteristics of overnight option markets. 

 

Our regression analysis indicates that implied volatility does contain information 

content about future volatility, although the magnitude is not large enough to be 

unbiased and efficient. After we adjust our regression model by adding instrumental 

variable, our models have improved with greater magnitude of implied volatility 

coefficients, but it is still a biased and inefficient measure of future volatility. Our 

regression analysis also point out that there exist relations between implied, forecasted 

and realized volatility. The realized volatility is best described by past implied 

volatility, the current and past forecasted volatility and its own past values.  

 

In order to test the robustness of the information content that implied volatility has, we 

put implied volatility as an exogenous variable into the conditional variance equation 

for linear and non-linear GARCH models. All coefficients for implied volatility are 

statistically significant and this indicates that implied volatility contains information 

content for future volatility for overnight options markets. 
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Appendix  VAR Outputs 

    

3-Year T-Bond Futures Overnight Call Options 

Vector Autoregression Estimates 
 Standard errors in ( ) & t-statistics in [ ] 

 LOGIMPLIED LOGFORECASTED LOGREALIZED 

LOGIMPLIED(-1)  0.148188  0.683311  0.306505 
  (0.03379)  (0.08339)  (0.00697) 
 [ 4.38534] [ 8.19408] [ 43.9436] 

LOGIMPLIED(-2)  0.247779 -0.195821 -0.049737 
  (0.07020)  (0.17323)  (0.01449) 
 [ 3.52971] [-1.13038] [-3.43262] 

LOGFORECASTED(-1)  0.030706  0.072282 -0.005593 
  (0.01936)  (0.04777)  (0.00400) 
 [ 1.58613] [ 1.51300] [-1.39978] 

LOGFORECASTED(-2) -0.016889  0.089116  0.004346 
  (0.01439)  (0.03552)  (0.00297) 
 [-1.17339] [ 2.50894] [ 1.46291] 

LOGREALIZED(-1) -0.461802  1.345350  1.053354 
  (0.23011)  (0.56786)  (0.04750) 
 [-2.00687] [ 2.36915] [ 22.1773] 

LOGREALIZED(-2)  0.555261 -0.755937 -0.149486 
  (0.19870)  (0.49036)  (0.04101) 
 [ 2.79441] [-1.54160] [-3.64470] 

C -0.637377  0.538770  0.151697 
  (0.07441)  (0.18363)  (0.01536) 
 [-8.56565] [ 2.93400] [ 9.87665] 

 R-squared  0.129414  0.263182  0.979316 
 Adj. R-squared  0.123368  0.258066  0.979172 
 Sum sq. resids  80.61540  490.9452  3.434624 
 S.E. equation  0.305458  0.753806  0.063050 
 F-statistic  21.40574  51.43506  6817.759 
 Log likelihood -199.4262 -986.2192  1174.917 
 Akaike AIC  0.473998  2.280641 -2.681784 
 Schwarz SC  0.512331  2.318973 -2.643452 
 Mean dependent -1.433732 -1.743367 -2.208872 
 S.D. dependent  0.326245  0.875139  0.436876 

 Determinant Residual Covariance  0.000106  
 Log Likelihood (d.f. adjusted)  279.6117  
 Akaike Information Criteria -0.593827  
 Schwarz Criteria -0.478830  
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3-Year T-Bond Futures Overnight Put Options 

 
Vector Autoregression Estimates 
 Standard errors in ( ) & t-statistics in [ ] 

 LOGIMPLIED LOGFORECASTED LOGREALIZED 
LOGIMPLIED(-1)  0.220791  0.635740  0.152195 

  (0.03301)  (0.07945)  (0.00830) 
 [ 6.68914] [ 8.00140] [ 18.3406] 

LOGIMPLIED(-2)  0.169254  0.015029 -0.022058 
  (0.03894)  (0.09373)  (0.00979) 
 [ 4.34665] [ 0.16035] [-2.25324] 

LOGFORECASTED(-1)  0.004170  0.145606 -0.004568 
  (0.01769)  (0.04259)  (0.00445) 
 [ 0.23571] [ 3.41898] [-1.02699] 

LOGFORECASTED(-2)  0.011054  0.202789  0.001855 
  (0.01457)  (0.03508)  (0.00366) 
 [ 0.75848] [ 5.78025] [ 0.50637] 

LOGREALIZED(-1) -0.108080  0.090140  1.021974 
  (0.17281)  (0.41598)  (0.04345) 
 [-0.62542] [ 0.21669] [ 23.5230] 

LOGREALIZED(-2)  0.162766  0.520906 -0.073263 
  (0.15732)  (0.37868)  (0.03955) 
 [ 1.03464] [ 1.37557] [-1.85239] 

C -0.812067  1.229205  0.084828 
  (0.08765)  (0.21098)  (0.02203) 
 [-9.26526] [ 5.82624] [ 3.84970] 

 R-squared  0.114546  0.329109  0.953315 
 Adj. R-squared  0.108656  0.324647  0.953005 
 Sum sq. resids  114.8587  665.5300  7.259645 
 S.E. equation  0.356844  0.858975  0.089713 
 F-statistic  19.44765  73.74687  3069.859 
 Log likelihood -349.6171 -1148.120  905.4264 
 Akaike AIC  0.784636  2.541517 -1.976736 
 Schwarz SC  0.821695  2.578576 -1.939677 
 Mean dependent -1.579648 -1.817546 -2.266629 
 S.D. dependent  0.377969  1.045238  0.413836 
 Determinant Residual Covariance  0.000421  
 Log Likelihood (d.f. adjusted) -337.1549  
 Akaike Information Criteria  0.788019  
 Schwarz Criteria  0.899196  
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10-Year T-Bond Futures Overnight Call Options 
 

Vector Autoregression Estimates 
 Standard errors in ( ) & t-statistics in [ ] 

 LOGIMPLIED LOGFORECASTED LOGREALIZED 
LOGIMPLIED(-1)  0.239034  0.543297  0.164151 

  (0.03103)  (0.08177)  (0.00936) 
 [ 7.70341] [ 6.64386] [ 17.5459] 

LOGIMPLIED(-2)  0.175857  0.004868 -0.032018 
  (0.03572)  (0.09414)  (0.01077) 
 [ 4.92287] [ 0.05171] [-2.97276] 

LOGFORECASTED(-1)  0.003449  0.298636  0.006088 
  (0.01569)  (0.04135)  (0.00473) 
 [ 0.21981] [ 7.22252] [ 1.28691] 

LOGFORECASTED(-2) -0.024111  0.128361  0.002967 
  (0.01299)  (0.03423)  (0.00392) 
 [-1.85619] [ 3.74967] [ 0.75768] 

LOGREALIZED(-1) -0.155350 -0.415529  0.988176 
  (0.13847)  (0.36492)  (0.04175) 
 [-1.12189] [-1.13868] [ 23.6691] 

LOGREALIZED(-2)  0.321555  0.937484 -0.066528 
  (0.12309)  (0.32438)  (0.03711) 
 [ 2.61242] [ 2.89008] [-1.79267] 

C -0.486513  0.833348  0.029931 
  (0.06096)  (0.16065)  (0.01838) 
 [-7.98113] [ 5.18748] [ 1.62856] 

 R-squared  0.192146  0.376618  0.954429 
 Adj. R-squared  0.187376  0.372937  0.954160 
 Sum sq. resids  114.0102  791.8149  10.36401 
 S.E. equation  0.334985  0.882805  0.100999 
 F-statistic  40.27558  102.3033  3546.517 
 Log likelihood -329.2371 -1320.545  897.3136 
 Akaike AIC  0.657355  2.595395 -1.740594 
 Schwarz SC  0.691092  2.629133 -1.706856 
 Mean dependent -1.368135 -1.775008 -2.113720 
 S.D. dependent  0.371604  1.114832  0.471733 
 Determinant Residual Covariance  0.000480  
 Log Likelihood (d.f. adjusted) -446.4848  
 Akaike Information Criteria  0.913949  
 Schwarz Criteria  1.015161  
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10-Year T-Bond Futures Overnight Put Options 

 
Vector Autoregression Estimates 
 Standard errors in ( ) & t-statistics in [ ] 

 LOGIMPLIED LOGFORECASTED LOGREALIZED 
LOGIMPLIED(-1)  0.236310  0.471558  0.165013 

  (0.03320)  (0.06978)  (0.00997) 
 [ 7.11875] [ 6.75737] [ 16.5533] 

LOGIMPLIED(-2)  0.225746  0.070653 -0.025678 
  (0.03768)  (0.07920)  (0.01131) 
 [ 5.99175] [ 0.89203] [-2.26959] 

LOGFORECASTED(-1) -0.028267  0.204290  0.008843 
  (0.02100)  (0.04415)  (0.00631) 
 [-1.34586] [ 4.62695] [ 1.40201] 

LOGFORECASTED(-2) -0.022262  0.090662  0.002339 
  (0.01684)  (0.03539)  (0.00506) 
 [-1.32231] [ 2.56163] [ 0.46265] 

LOGREALIZED(-1) -0.151350  0.167596  0.997641 
  (0.14725)  (0.30956)  (0.04422) 
 [-1.02783] [ 0.54141] [ 22.5610] 

LOGREALIZED(-2)  0.332624  0.425855 -0.081037 
  (0.12782)  (0.26871)  (0.03839) 
 [ 2.60224] [ 1.58480] [-2.11116] 

C -0.531273  0.887959  0.049390 
  (0.07542)  (0.15855)  (0.02265) 
 [-7.04404] [ 5.60036] [ 2.18067] 

 R-squared  0.175493  0.335724  0.941410 
 Adj. R-squared  0.170619  0.331798  0.941064 
 Sum sq. resids  157.1291  694.4138  14.16999 
 S.E. equation  0.393455  0.827135  0.118155 
 F-statistic  36.00654  85.49672  2718.134 
 Log likelihood -493.3337 -1252.680  736.1025 
 Akaike AIC  0.979127  2.465127 -1.426815 
 Schwarz SC  1.012891  2.498891 -1.393051 
 Mean dependent -1.565334 -1.823309 -2.242163 
 S.D. dependent  0.432034  1.011864  0.486699 
 Determinant Residual Covariance  0.000719  
 Log Likelihood (d.f. adjusted) -652.1222  
 Akaike Information Criteria  1.317265  
 Schwarz Criteria  1.418556  

 

 

 

 

 


