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The informational content of implied volatility and its prediction 

power is evaluated for time horizons of one month. The study covers 

the period of November 2007 to November 2013 for the two indices 

S&P500 and OMXS30. The findings are put in relation to the 

corresponding results for past realized volatility. We find results 

supporting that implied volatility is an efficient, although biased 

estimator of realized volatility. Our results support the common notion 

that implied volatility predicts realized volatility better than past 

realized volatility, and that it also subsumes most of the informational 

content of past realized volatility. 
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Notes:  

The two definitions efficient and informationally efficient outlined in Section 3 might cause confusion if the 

difference is not clearly explained. Efficient refers to an estimator that when regressed upon in a simple 

regression gives White Noise in the residuals. Informationally efficient on the other hand refers to an estimator 

that, when placed in a multiple regression, subsumes all the information of the other independent variable. In our 

case we will examine if implied volatility subsumes all the informational content of past realized volatility. If so, 

implied volatility would be informationally efficient. 	    
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1. Introduction 
	  
Although option contracts already had been around for a long time, it wasn’t until 1973 that 

the market for option trading would significantly increase in volume and recognition. This 

year the Chicago Board Options Exchange opened and became the first marketplace for 

trading listed options.1 1973 was also the year that Fischer Black and Myron Scholes 

presented the Black-Scholes formula for pricing of options. The formula has been recognized 

with the Nobel Prize and economist Zvi Bodie has compared its impact to the finding of the 

structure of DNA, emphasizing its contribution to financial engineering (Berman, 2002).  

 

Using the Black-Scholes formula, one can derive the volatility that is implied by the price of 

an option. This is called the implied volatility and can be interpreted as the market’s 

expectation of the volatility for the underlying asset for the remaining life of the option, an ex 

ante forecast that is often claimed to be informationally superior to predictions based solely 

on past realized volatility (Knight, Satchell, 2007). This can intuitively be justified by that the 

market has all the information about the historical volatility of the underlying asset, and could 

have information about future events that may affect the volatility in the coming period. If this 

is true, implied volatility should predict realized volatility better than past realized volatility 

can. These hypotheses can be tested and has been the aim of many papers, especially during 

the 1980’s and 1990’s.  

 

Although it may seem straight forward, research has produced mixed results, ranging from 

confirmation to contradiction. Canina & Figlewski (1993) conclude that implied volatility is a 

poor forecast of realized volatility and does not contain the information of past realized 

volatility. Several researchers find that implied volatility outperforms past realized volatility, 

although being either biased or inefficient. Jorion (1995) studied the implied volatility in 

options on foreign currency futures and found implied volatility to be an efficient but biased 

estimator of realized volatility. Blair, Poon & Taylor (2000) examined the relationship for 

options on the S&P100 index and found only minor incremental information in high 

frequency return data for past realized volatility. Christensen & Prabhala (1998) first conclude 

that implied volatility is unbiased and inefficient. After re-examining this issue through an 

instrumental variable approach they find evidence supporting that implied volatility is 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 See Figure 1 in Appendix 1 for a graphical representation of the option trading activity on the New York Stock 
Exchange for the period 1930 to 2005.  
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unbiased and efficient, a conclusion that also is drawn by Kumar (2008) for options on the 

Indian Nifty index for the period 2002 to 2006.  

 

This spread in results incites us to test the hypothesis on new data and also for Swedish data. 

The period that we will examine is November 2007 to November 2013 for the two indices 

S&P500 and OMXS30. By examining these two indices we can see if any differences are 

found between a larger and more actively traded index compared to a smaller and less active 

index. A possible cause to the difference in previous results could lie in the data sampling 

procedure, to add further robustness to our statistical examination we will consistently 

examine non-overlapping monthly periods. This implies that for each monthly period we 

compute one ex ante forecast, the implied volatility, and one ex post return volatility. Implied 

volatility is thus interpreted as the market’s volatility forecast, which is then evaluated once 

an estimate of the actual outcome can be computed. 

 

Through regression analysis we find implied volatility to be an efficient but biased estimator 

of realized volatility, though the claim of efficiency is only supported for the S&P500. 

Realized volatility is regressed on implied volatility and past realized volatility separately, 

and also together in a multiple regression. We also find support for that implied volatility 

outperforms past realized volatility in predicting realized volatility. These results are 

consistent for both indices, but strongest for S&P500 for which it is shown that implied 

volatility subsumes all the informational content of past realized volatility. For OMXS30 we 

find that only some of the informational content is subsumed by implied volatility. In contrast 

to previous literature we obtain substantially higher explanatory power in our regressions.  

 

This paper is organized as follows. In Section 2 of the paper we present the theory that is the 

foundation of the subject. To begin with we explain in more detail the option contract and 

how it can be specified. This is followed by an explanation of the Black-Scholes formula that 

is used to set the price of an option. The way in which we have collected our data is described 

in Section 3. Here we also present descriptive statistics for the data, possible problems related 

to our data and our hypotheses. The results of our study are reported in Section 4 where we 

also compare our results to previous research on the subject. The results are summarized and 

discussed in Section 5, where our conclusions for the hypotheses are explained.   



	   5	  

2. Theory 

Options 
An option is a contract between a buyer and a seller. The important implication of the option 

contract is that the buyer has the right, but not the obligation to exercise the option, whereas 

the seller has the obligation to follow through the contract if the buyer wishes to. The option 

has an underlying asset that can be of great variety, this is the asset that can be bought or sold 

if the option holder chooses to exercise the option. The underlying asset can be a stock, a 

currency, an index or other types of assets. The contract is only valid for a limited amount of 

time, this expiration date is also known as maturity and specifies when the buyer no longer 

can exercise the option. If the holder chooses to exercise the option, the underlying asset is 

bought or sold at a predetermined price, called the strike price (Hull, 2008).  

 

The option contract is either specified so that the buyer obtains the right to buy (call option) 

the underlying asset or the right to sell (put option) the underlying asset. If one would buy a 

call option, and on the expiration date the underlying asset would trade at a higher price than 

the predetermined strike price, it would be profitable for the holder to exercise the option. The 

option is then said to be in the money. If the asset’s price on the expiration date is the same as 

the strike price, the option is at the money. Finally if the underlying asset would be trading at 

a lower price than the strike price, the call option is out of the money and the option will 

expire without being exercised. For a put option, where the holder has the right to sell the 

underlying asset at a predetermined strike price, the situation would be opposite. The option 

would be in the money, and chosen to be exercised if the underlying asset is trading at a lower 

price than the strike price. If the asset is trading at a higher price than the strike price, the 

option would be out of the money, and the option would expire without being exercised (Hull, 

2008).  

 

Given the nature of the option contract, that holding an option gives you the right, but not the 

obligation to exercise, the option contract can be used to manage risk. If an investor fears a 

decrease in the value of share price, he could by buying a put option limit his potential loss to 

the cost of the put. An option can also be used in speculative purpose if an increase in the 

asset’s value is anticipated. The investor would then buy a call option and exercise it if the 

asset is trading above strike price at the expiration date.   
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Furthermore, option contracts can be divided into two more categories, American style and 

European style. The difference between the two lies in the possibility to exercise the option. 

An American style option can be exercised anytime until it expires, whereas a European style 

option can only be exercised on the expiration date. It should perhaps be noted that the 

geographically referring names of the options have no association with the geographical 

locations; they simply refer to the time at which the holder can exercise the options (Kolb, 

1995).  

The Black-Scholes formula 
Although option contracts have been traded since the 18th century it is not until the past few 

decades that mathematical approaches have been applied to the pricing of options. The Black-

Scholes option pricing model developed by Fischer Black, Robert C. Merton and Myron 

Scholes was first published in 1973 by Black and Scholes in their paper “The pricing of 

options and corporate liabilities” (Black, Scholes, 1973). The formula calculates the price of a 

European option using inputs that are observable in the market, with one exception. This 

unobservable input is the volatility that the underlying asset will exhibit during the remaining 

life of the option. Since this is not observable, the market makes a forecast of the volatility 

using all relevant information available. This implies that for an option that has been given a 

price, the market’s volatility forecast can be derived using such a pricing model as the Black-

Scholes formula. This volatility forecast, when derived from a pricing model, is called 

implied volatility.  

 

Before examining the Black Scholes formula, we must pay attention to an important aspect of 

the formula, the stochastic process. A variable that follows a stochastic process exhibits 

changes in value in an uncertain way. A particular type of stochastic process is the Markov 

process, for which the current value of the variable is the only relevant information for the 

prediction of its future value (Hull, 2008). Since the future movement of the variable’s value 

is uncertain, predictions are expressed in probability distributions. A particular type of 

Markov process is the Wiener process. As mentioned above the future path of the variable is 

not dependent on the path to the current value, and the uncertainty about future value is 

expressed as a probability distribution. For a Wiener process, the variable’s change in one 

year follows !(0, 1), where ! denotes a normal distribution with a mean of 0 and a variance 

of 1. The standard deviation is the square root of the variance, also 1. For two years the mean 

is still 0 but the variance is 2, and the standard deviation is 2.  If we instead focus on 
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changes in a small time interval, the change in some variable z is, Δ! =∈ ∆!, where ∆! is the 

change in time and ∈ has a standardized normal distribution of !(0, 1). Since the probability 

distributions are independent, any two Δ! for different intervals in time are independent from 

each other (Hull, 2008). 

 

So far we have looked at the basic Wiener process. The implication of the mean change rate 

being zero is that the expected value in any future time is equal to the current value; the value 

does not drift over time. To better understand the intuition behind the drift and the variance, 

we can observe the generalized Wiener process followed by variable x that can be specified as 

!" = !  !" + !  !", where a and b are constants. The notation d means that we let the time 

interval ∆! approach zero. If we ignore the variability of the Wiener process we see that the 

change in the variable is dependent on !  !", meaning that the variable will drift by aT over 

one period of T. By adding the variability of the term !  !", the value will vary around the 

drift with a variance of b times the Wiener Process. Since the Wiener process has a variance 

of 1, the variance is b. At this point one would be tempted to say that stock prices follow this 

generalized Wiener process, but the constant drift fails to explain the fact that it is the 

expected return that is constant. An investor would expect the same annual return whether the 

price of the stock is 50 or 70, given that everything else is constant. This alters the model to, 

 

                      !" = !"  !" + !"  !"                                 (1) 

 

where ! is the expected annual rate of return, ! is the stock price, ! is the constant volatility 

and !" is the Wiener Process. While the generalized Wiener process cannot be applied to the 

stock price, it can be applied for the natural logarithm of the stock price. If ! = !"  !, then 

               

      !" = ! − !!

!
!" + !  !"                     (2) 

 

The constant drift rate is ! − !!

!
 and the constant variance rate is !! (Hull, 2008).  
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This leads to the important conclusion that the change in !"  ! between time 0 and time T is 

normally distributed. This is represented as, 

 

        !" !! −  !"  !! ∽   ! ! − !!

!
!,!!!                            (3) 

 

!! is the stock price at time T, !! is the price at time 0, and !(!, !) shows the mean and 

variance for the normal distribution. Alternatively it can be represented not for the change in 

value, but for the natural logarithm of the future stock price,  

 

        !" !! ∽   ! !"  !! + ! − !!

!
!,!!!                         (4) 

 

According to Eq. (4) we see that !"  !! is normally distributed, by this we can conclude that !! 

is lognormally distributed. This means that !! follows a Geometric Brownian Motion, the 

stochastic process that stock prices usually are assumed to follow, an assumption upon which 

the Black-Scholes formula is based on (Hull, 2008). 

 

Another assumption of the Black-Scholes model is that no opportunity to arbitrage exists. 

This is indicated in the riskless portfolio that is part of the Black-Scholes-Merton analysis. 

Since both the stock and the call option are affected by the same source of uncertainty, a 

combination of a long position in the stock and a short position in the call option would create 

a portfolio where any gain or loss in the stock would be offset by the loss or gain in the short 

position of the call option. This portfolio would therefore be riskless and return the risk free 

rate of interest. The value of the portfolio is represented by, 

 

     Π = −! + !"
!"
!                                              (5) 

 

Where Π is the value of the portfolio, ! represents the value of the option, !"
!"

 is the share of 

stock and ! is the stock price.  
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Since there exists no arbitrage opportunity, the return in time interval ∆! will be equal to the 

risk free rate of interest, r. This is shown below in Eq. (6). 

 

          ∆Π = !Π∆!                         (6) 

 

The weights within the portfolio depend on the relationship between the stock price and the 

call option price. When this relationship changes after a short period of time, the portfolio 

must be rebalanced in order to remain riskless. The explained argument is the underlying idea 

to the Black-Scholes differential equations from which the pricing formulas for call and put 

options are derived. The Black-Scholes partial differential equation is, 

 

                                                 !"
!"
+ !

!
!!!! !

!!
!!!

+ !" !"
!"
− !" = 0                                          (7) 

 

Where ! = !(!,!) is the option price, and the boundary conditions for the call and put 

options respectively are: 

                                                      ! !,! = !"# ! − !, 0                                                    (8) 

and                                                ! !,! = !"# ! − !, 0                                                    (9) 

 

Where c is call option price, p is put option price, S is stock price and K the strike price. 

After solving the differential equation, which requires advanced stochastic calculus that is 

beyond the scope of this paper, we arrive at the Black-Scholes formula.2 The pricing formula 

for European style call and put options are, 

 

          ! = !!! !! − !!!!"!(!!)                         (10) 

 

          ! = !!!!"! −!! − !!!(−!!)                         (11) 

Where 

                      !! =
!" !!

! ! !!!
!

! !

! !
                           (12) 

 

!! = !! − ! !                          (13) 

 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2 Complete derivation of the formula can be found in Briys, et al (1998) p. 64. 
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!! is the stock price at time 0, ! is the strike price, ! is the risk free rate, ! is the time to 

maturity of the option, ! is the volatility of the stock and is assumed to be constant, ! is the 

price of a call option and ! is the price for a put option. ! !  is the function for the 

cumulative probability distribution function for a standardized normal distribution. The 

function gives the probability that a variable that follows a normal distribution !(0, 1) will be 

less than !. Further assumptions are that the underlying asset does not pay any dividends, 

there are no transaction costs and no penalties for short selling, securities can be perfectly 

divided and that the trading of the security is continuous. It is also assumed that one can 

borrow the amount of any fraction of the underlying asset to the known short-term interest 

rate (Hull, 2008). 

 

By looking at the formula, one can conclude that all inputs except !, the volatility, are 

directly observable. The stock price is known, the risk free rate is approximated by short-term 

interest rates in the money market, and the strike price and time to maturity are specified for 

the option contract. Since the volatility refers to the period up until maturity it is not 

observable. Given that a price is set for the option, the implied volatility can be solved for. 

This is an estimate of the market’s expectation of the underlying asset’s volatility until 

maturity. It cannot be found by rearranging the formula so that the implied volatility is a 

function of the other inputs, but through an iterative search procedure the volatility that 

equates the formula to the option price can be found (Hull, 2008).  
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3. Methodology 
 

The focus of our work will be on options for the two stock market indices S&P500 and 

OMXS30. The S&P500 is a stock market index for 500 large cap companies listed on the 

New York Stock Exchange and the NASDAQ and the OMXS30 is an index for the 30 most 

actively traded stocks listed on the Stockholm Stock Exchange. Both indices are traded with 

European style options, where options for OMXS30 expire the third Friday of the expiration 

month (NASDAQ OMX, 2010) and options for S&P500 expire the Saturday immediately 

following the third Friday of the expiration month (CBOE, n.d.).  

 

Implied volatility is widely regarded to be informationally superior to past realized volatility 

in predicting realized volatility. This means that the informational content of implied 

volatility should subsume the informational content of past realized volatility (Jiang, Tian, 

2003). To test this, both realized and implied volatility must be computed. Each measurement 

is collected for a monthly period, where implied volatility is computed as an ex-ante forecast 

and realized volatility is computed as ex-post return volatility.  

Realized volatility 
The volatility that an index exhibits is represented by the fluctuations of the price index. 

However, the true volatility of the underlying asset cannot be observed and realized volatility 

is therefore estimated using daily closing prices. This has been computed for the two indices 

S&P500 and OMXS30. Price Index data has been downloaded from Thomson Reuters 

Datastream program for the period 2007/11/05 – 2013/11/05. The data gives the daily closing 

price for each index, and from this we compute the realized volatility for period t, a monthly 

period from the 5th of the month to the 4th the following month. Realized volatility is thus a 

backward looking measurement that only can be estimated at the end of each period.  
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Since implied volatility is expressed in annualized volatility, realized volatility for period t is 
also annualized. The formula used to compute realized volatility is, 
 

     !!,! =
!"!
!

!!!!
!!!         (1) 

Where 

       !! = !" !!
!!!!

        (2) 

 

The number 252 represents the trading days in one year, n is the number of trading days in 

period t, !! is the return on day k, !! is the price index level on trading day k, !!!! the price 

index level the previous trading day and ln symbolises the natural logarithm. 

Implied volatility 
In order to test our hypothesis we need the corresponding implied volatility for period t. 

Thomson Reuters Datastream, in partnership with MB Risk Management, calculates implied 

volatilities for European style index options using the Black-Scholes formula. The calculation 

also takes into account dividends paid by the underlying asset. Volatility series are 

constructed to provide implied volatilities with 1-month constant maturity. Since strike price 

rarely is exactly at the money, the at the money option implied volatility is interpolated using 

one option with nearest strike price above current price, and one with nearest strike price 

below. To construct a constant series, interpolation is also computed with regards to the 

maturity.  

 

Implied volatility is collected for the indices S&P500 and OMXS30, for each period starting 

the 5th of the month, reaching 1 month forward to the 4th of the following month. This way 

each period is represented by one volatility forecast and one computation of the realized 

volatility, resulting in a series of non-overlapping observations. Day & Lewis (1992) instead 

study the predictive power one week ahead, computing the implied volatility from options 

with longer time to maturity, Christensen & Prabhala (1998) argue that this “maturity 

mismatch” makes their results hard to interpret. An illustration of our data sampling 

procedure is presented below in Figure 2 and Figure 3. Each period stretches from the 5th of 

the month to the 4th the following month. Implied volatility with a maturity of one month is 

recorded on the 5th, and on the 4th the following month we calculate the realized volatility for 

the exact same time period. These measures are then linked over time, creating two volatility 
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series of implied volatilities and realized volatilities matching each other for the same period 

over time. It is important for us to emphasize the fact that period t refers to the entire month, 

where implied volatility is recorded on the first day (the 5th) and realized volatility is 

estimated at the end of the period (the 4th the following month). Implied volatility can only be 

evaluated once realized volatility can be computed.  

	  

 

 

 

 

 

 

 

 

 

 

 

 

Since it will be referred to later when examining the properties of our series, a quick review of 

the two measurements skewness and kurtosis should be explained. Skewness is an indication 

of how a distribution is shaped. If a distribution is symmetrically shaped, such as the normal 

distribution, the mean and the median will be equal. If the distribution is skewed, it will lead 

to a mean that differs from the median. A positive skewness will lead to a higher mean than 

the median and the opposite if the distribution is negatively skewed, the mean will be smaller 

than the median (Newbold, Carlson, Thorne, 2007). Another characteristic of our series that 

we will examine is the kurtosis. Kurtosis is also a measurement of the distribution, but 

whereas skewness indicates the symmetry about the mean, kurtosis explains the concentration 

around the mean and the weights in the tails (Hull, 2008). A distribution that exhibits high 

kurtosis will be peaked and have heavy tails. This means that small and large deviations from 

the mean have a higher probability than with lower kurtosis. For a standard normal 

distribution the explained characteristics are zero for skewness and 3 for kurtosis. Any 

kurtosis above 3 is also referred to as excess kurtosis.  

Period	  t	  Period	  t-‐1	  

!"#$%&'!!! 	  
	  

!"#$%&'! 	  
	  

!"#$%&"'!!! 	  
	  

!"#$%&"'! 	  

Figure 3. For each period one implied volatility is computed in the beginning, and at the end of each period we 
compute the realized volatility. Each period stretches from the 5th of each month and ends the 4th of the 
following month. The full period that is observed is November 2007 to November 2013. If implied volatility is 
a good predictor of realized volatility, then Impliedt-1 will predict Realizedt-1 with accuracy, Impliedt will 
predict Realizedt with accuracy and so on.  

5th  4th  Period	  t	  

!"#$%&'!	   !"#$%&"'!	  
Figure 2. Each period stretches from the 5th of the month to the 4th of the following month. Implied volatility is 
recorded the first day of the period and realized volatility is computed on the last day for the entire period. If 
implied volatility is a good predictor of realized volatility, then Impliedt will predict Realizedt with accuracy.  
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Possible measurement errors 
Whereas implied volatility is an ex-ante forecast, realized volatility is estimated ex-post. We 

need to estimate it since true volatility is unobservable, even ex-post (Knight, Satchell, 2007). 

The way realized volatility is measured can differ with respect to the frequency that price 

changes in stocks are observed, in our paper we observe these changes in daily closing prices 

and estimate monthly realized volatility. By this method we run the risk of excluding 

important information about the volatility that occurs during the day, data that we have not 

been able to collect. Intraday data refers to the high-frequency data when price levels are 

recorded within small time intervals during the day, for example a five minute-interval. This 

way of computing realized volatility would be more accurate and our measure might give 

misleading estimates of the realized volatility. Blair, Poon & Taylor (2000) collect data of 5-

minutes returns for the S&P100 and find that not much incremental information is found that 

is not already provided by the implied volatility. However, intraday data would have been 

preferable for us to further control for this possible measurement error.  

 

As mentioned in Section 2, the Black-Scholes formula is based upon a number of 

assumptions. One assumption is the one that stock prices follow a Geometric Brownian 

Motion. This implies a lognormal distribution of stock prices. If the stock prices follow a 

lognormal distribution, the natural logarithm of the return on two consecutive days should 

follow a normal distribution. Eq. (1) below is a simple modification of equation (3) in Section 

2, showing the log-return between the stock price on day !, !! and on the previous day, !!!!. 

Again, ! !, !  show the mean and variance for the normal distribution. 
 

              !" !!
!!!!

∽   ! ! − !!

!
!,!!!                          (1) 

 

By observing the daily closing prices of the two indices S&P500 and OMXS30 we find no 

evidence for this using data from November 2007 to November 2013 consisting of 1566 

observations. The distributions presented in Figure 2 and Figure 3 in Appendix 1 show a 

higher value of kurtosis than the value of 3 for normality. The values reported are 7.01 for 

OMXS30 and 11.26 for S&P500. The Jarque-Bera test statistics referring to the distributions 

are 1055 and 4471 respectively, both rejecting the null hypothesis of normality on a 1% 

significance level. These findings are in line with the early findings of Mandelbrot (1963) and 

Fama (1965). Fama studied the returns of 30 stocks on the Dow-Jones Industrial Average 

between the years of 1957 to 1962. From these observations he found that very small and 



	   15	  

large deviations from the mean are more likely relative to the probabilities implied by the 

normal distribution. Small deviations tend to be followed by small deviations and large 

movements tend to be followed by large movements, creating clusters of volatility. The 

implication of this violation is that it can lead to misleading values of implied volatility 

derived from Black-Scholes, if the market is aware of the alternative non-normal distribution. 

Consider a put option that is deep out of the money, meaning that the strike price is very low 

relative to the current stock price. According to the distribution assumed by the Black-Scholes 

formula, the probability that the option will turn out to be in the money at expiration is low. 

Therefore the option’s premium should be low. If the market participants are aware of the 

alternative distribution and that the probability of profitability in fact is higher, the option 

premium and the implied volatility will be higher (Hull, 2008). This relationship between 

strike price and implied volatility is for equities referred to as the volatility smirk. It has the 

form of a downward slope where implied volatility decreases as the strike price rises. If we 

translate this to a distribution, it will be peaked with a heavy left tail and a less heavy right 

tail. Figure 2 in Appendix 1 show that this is the case for S&P500, although it is not as clear 

for OMXS30 in Figure 3. Christensen & Prabhala (1998) argue that for at-the-money options 

the misspecification error should be small and uncorrelated over time. This should still be 

mentioned if the results are put in relation to studies that include options that are out of the 

money. 

 

Other often mentioned risks of measurement errors are non-synchronous trading, bid-ask 

bounce, early exercise and the payment of dividends. Non-synchronous trading can occur 

because of differences between the closing of the stock market and the option market. This 

type of microstructure effect, also bid-ask bounce, are less evident for liquid markets and 

when sampled at a lower frequency, such as with daily observations (Knight, Satchell, 2007). 

The measurement error associated with early exercise of the option is eliminated since we use 

European style options in our study, where exercise only can take place on the expiration 

date. Finally if the underlying asset pays dividends, the implied volatility will be 

underestimated if the present value of the dividends is not subtracted from the stock price 

(Christensen & Prabhala, 1998). This is computed for in our implied volatility, but still the 

risk remains that the calculation is inaccurate. 
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Descriptive statistics 
Table 1 and Table 2 below show the descriptive statistics for the volatility series for each 

index respectively. The number of monthly observations is 71 and 72 for S&P500 and 

OMXS30 respectively for the period November 2007 to November 2013. By observing the 

means we notice that the means for the implied volatilities are larger than for realized 

volatility, both in level and in the log-series. The difference between the means in level is 

however smaller than the difference for the log-series. This is because the greater the variance 

of the series, the smaller will the mean be for the log-series. Since the variance is higher for 

the realized volatility series, log realized will exhibit an even smaller mean relative to log-

implied volatility. For both indices the variance is higher for realized volatility, this is 

consistent with the notion that implied volatility is a smoothed expectation of future volatility 

(Christensen & Prabhala, 1998).  

 

S&P500 Implied vol. Realized vol. Log implied vol. Log realized vol. 
Mean  0.211  0.199 -1.648 -1.780 
Median  0.175  0.155 -1.745 -1.866 
     
100*Variance  1.054  1.924  17.485  30.265 
Skewness  1.595  2.404  0.663  0.610 
Kurtosis  5.255  9.709  2.869  3.385 
 
Jarque-Bera  46.409  201.529  5.399  4.845 
Probability  0.000  0.000  0.067  0.089 
Observations  71  71  71  71 
Table 1. Descriptive statistics for the volatility series for the index S&P500. Notes: Implied volatility refers to the volatility 
expected for the period between the 5th of each month to the 4th of the following month. It is calculated using the Black-
Scholes-formula for European style options, taking dividends into account. Realized volatility is computed from daily closing 
prices for the same period and annualized. The log-volatility series are transformed by taking the natural logarithm of the 
volatilities. 

 
OMXS30 Implied vol. Realized vol. Log implied vol. Log realized vol. 
Mean   0.242  0.230 -1.490 -1.587 
Median   0.219  0.210 -1.521 -1.560 
     
100*Variance   0.952  1.484  14.486  22.634 
Skewness   1.099  1.540  0.232  0.390 
Kurtosis   4.017  5.867  2.485  2.485 
  
Jarque-Bera   17.852  53.115  1.463  2.616 
Probability   0.000  0.000  0.481  0.270 
Observations   72  72  72  72 
Table 2. Descriptive statistics for the volatility series for the index OMXS30. Notes:  Implied volatility refers to the volatility 
expected for the period between the 5th of each month to the 4th of the following month. It is calculated using the Black-
Scholes-formula for European style options, taking dividends into account. Realized volatility is computed from daily closing 
prices for the same period and annualized. The log-volatility series are transformed by taking the natural logarithm of the 
volatilities.  
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The level series display high values for skewness and kurtosis. The asymmetry of the positive 

skewness can also be seen in the median, which is smaller than the mean for all level series. 

Both indices show high kurtosis for as well for implied volatility as for realized volatility.  

Christensen & Prabhala (1998) find the same results when studying the time period of 

November 1983 to May 1995, believing that the results are partly consequences of the 1987 

stock market crash. They tested this hypothesis by dividing the period into two subperiods, 

excluding the months that exhibited the most turmoil following the crash. By this they found 

that the series for the subperiods were less skewed and showed lower kurtosis. The months 

following the collapse of Lehman Brothers in September 2008 could be causing the 

characteristics of our series.  

 

The log-volatility series conform more to normality, showing less skewness and lower 

kurtosis. The Jarque Bera test for normality is computed for the series, for which the null 

hypothesis is that the sample is normally distributed (Cryer, Chan, 2008). For the log-

volatility series the null hypothesis cannot be rejected, the corresponding p-values of the 

Jarque-Bera test show strong insignificance.  

Hypotheses 
Commonly the prediction power of implied volatility is compared to the one of past realized 

volatility. As mentioned earlier, measures of volatility implied by option prices are widely 

believed to be the best available volatility forecasts (Jorion, 1995). Using the data collected for 

the two indices S&P500 and OMXS30 for the period November 2007 to November 2013 we 

will test this claim by seeking the answers to the following hypothesis presented below.  

 

i. Implied volatility has some informational content about future realized volatility. 

ii. Implied volatility predicts realized volatility better than past realized volatility. 

iii. Implied volatility is an unbiased and efficient estimator of realized volatility.  

iv. Implied volatility is informationally efficient, meaning that implied volatility efficiently 

subsumes all informational content in past realized volatility regarding realized 

volatility. Past realized volatility would then contain no information beyond what is 

already incorporated in implied volatility. 
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To test these hypotheses we start by utilizing the framework initially developed by Mincer and 

Zarnowitz in 1969, where realized volatility is regressed on implied volatility. (Mincer, 

Zarnowitz, 1969) 

 

• !"! = !! + !! ∗ !"! + !!                                                             (1) 

 

Additionally we test two other equations proposed in Christensen & Prabhala (1998): 

 

• !"! = !! + !! ∗ !"!!! + !!                                                         (2) 

• !"! = !! + !! ∗ !"! + !! ∗ !"!!! + !!                                                  (3) 

 

These hypotheses are first tested using the level volatility series. By estimating equation (1) we 

can draw conclusions for hypothesis (i), whether implied volatility has some informational 

content about realized volatility. If this is the case, we should obtain that !! is significantly 

different from zero. If implied volatility is unbiased we should not be able to reject the joint 

hypothesis that !! = 0 and !! = 1 simultaneously. Furthermore if !"! is efficient, the residuals 

!! should be white noise and serially uncorrelated with any variable in the market’s information 

set (Christensen & Prabhala, 1998). These results are compared with the corresponding results 

for past realized volatility after estimating equation (2). Hypothesis (iv) is evaluated by placing 

implied volatility and past realized volatility together in a multiple regression. If implied 

volatility is informationally efficient, then implied volatility should subsume all the 

informational content of past realized volatility, and the slope coefficient !! should not be 

significantly different from zero.  

 

Instead of studying the data in level, the regressions can be estimated using the series after 

taking the natural logarithm of the values. This approach is used by Christensen & Prabhala 

(1998) among others due to its better finite sample properties. By this transformation the 

equations are altered into: 

 
• ln  (!"!) = !! + !! ∗ ln  (!"!)+ !!                                         (4) 

• ln  (!"!) = !! + !! ∗ ln  (!"!!!)+ !!                                (5) 

• ln  (!"!) = !! + !! ∗ ln  (!"!)+ !! ∗ ln  (!"!!!)+ !!                              (6) 
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4. Results 
	  
We find for both indices that implied volatility contain some information about realized 

volatility. !! is significantly different from zero and close to 1, we also note that !! is not 

significantly different from zero for either index. Computing the joint hypothesis we accept the 

hypothesis that !! = 0 and !! = 1 simultaneously, therefore we can conclude that implied 

volatility is an unbiased estimator of realized volatility. However, for both indices we find 

autocorrelation in the residuals. Equation (2) is constructed with !"!!! as the independent 

variable, estimating how well the realized volatility of the previous period explains !"!. Here 

we also find for both indices that !! is significantly different from zero and that !! is not 

significantly different from zero. Comparing these two estimation outputs we find a higher 

adjusted !!-value for equation (1) than the corresponding value for equation (2). A difference 

in results is found for the residuals of equation (2), we find no autocorrelation at all, implying 

that !"!!! is efficient.  

 

This gives rather inconclusive results regarding hypothesis (ii). !"!  explain more of the 

variation in !"! than !"!!!, measured by the adjusted !!-value. The coefficient for equation 

(1) are also closer to the joint hypothesis that !! = 0 and !! = 1. However we observe 

autocorrelation in the residuals for the estimations of equation (1). This does not cause bias in 

the slope coefficient estimates but it affects their standard error, therefore the interpretations are 

not clear. Equation (3) is estimated to see if the informational content of past realized volatility 

is subsumed by implied volatility. For both indices we notice that the slope coefficient for past 

realized volatility, !!, drops to a smaller value. However, it is only for the S&P500 that !! is 

not significantly different from zero, meaning that all the informational content of !"!!! is 

subsumed by !"!. 

 

Turning to equation (4) to (6) outlined in the previous section, we use the volatility series 

transformed by taking the natural logarithm. Again, both implied and realized volatility are 

examined separately in simple regressions and then together in a multiple regression.  
 

S&P500 
Estimates for the transformed equations using data from S&P500 are presented below in Table 

3 and complete outputs and related tests are reported in Appendix 2. Observing the results of 

equation (4) we can conclude that implied volatility contains some information about realized 
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volatility. !! is significantly different from zero and close to 1, at the same time !! is not 

significantly different from zero and in fact very close to zero. Although these results, the joint 

hypotheses that !! = 0 and !! = 1 simultaneously is rejected. As for the explanatory power of 

the regression, the adjusted !!-value is 65.3%. In contrast to the level data output, the 

autocorrelation in the residuals is no longer present. The residuals show white noise that is 

normally distributed, Gaussian White Noise. The estimates for equation (5) also show that past 

realized volatility contains information about the realized volatility in period t. The slope 

coefficient !! is significantly different from zero and 50.7% of the variation is explained by the 

regression. Also for these estimates we find Gaussian White Noise in the residuals, meaning 

both estimates are efficient although biased since we in both cases rejected the joint hypothesis 

that !! = 0 and !! = 1 simultaneously.  
 

 

S&P500 
Dependent variable: Log realized volatility ln  (!"!) 
     !"#.!! 
Independent variables: 

!! ln  (!"!) ln  (!"!!!)    
−0.025 1.07!    65.3% 
(−0.16) (11.52)     

      
−0.51!  0.72!   50.7% 
(−3.21)  (8.48)    

      
−0.03 1.01! 0.05   64.8% 
(−0.19) (5.31) (0.36)    

Table 3. OLS estimates for equations (4) to (6) in Hypotheses in section 3 for S&P500 and corresponding !"#$%&'"  !!, t-values 
for the coefficients in parenthesis. Equations: ln  (!"!) = !! + !! ∗ ln  (!"!) + !! , ln  (!"!) = !! + !! ∗ ln  (!"!!!) + !!  and 
ln  (!"!) = !! + !! ∗ ln  (!"!) + !! ∗ ln  (!"!!!) + !!.  

Further detailed outputs are found in Table 9, 11 and 13 in Appendix 2. α indicates p-value<0.05. 

 

With no autocorrelation in the residuals distorting the validity of either regression, we can 

conclude that implied volatility for this data contains more information about realized volatility 

than past realized volatility. Equation (6) refers to the hypothesis (iv), whether or not implied 

volatility subsumes all the informational content of past realized volatility. If so, implied 

volatility is informationally efficient. The results in Table 3 show that this is the case, the slope 

coefficient for implied volatility, !!, is close to one whereas !! is close to zero and not 

significantly different from zero. Thus we can also conclude that implied volatility for this data 

is informationally efficient, it subsumes all the informational content of past realized volatility. 
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OMXS30 
For OMXS30 the results of estimating equations (4) to (6) are reported below in Table 4. With 

implied volatility as the independent variable, 68.8% of the variation in realized volatility is 

explained. The slope coefficient !! is very close to 1 and !! is close to zero. Despite this, we 

obtain results that reject the joint hypotheses that the coefficients simultaneously are !! = 0 

and !! = 1. This indicates that implied volatility is a biased estimator of realized volatility. 

Observing the residuals from the estimates we find that they are normally distributed but we 

find significant evidence of autocorrelation. Therefore, we cannot conclude that implied 

volatility is efficient.  

 

For equation (5), when !"!!! is placed as the independent variable, the explanatory power is 

lower. The reported adjusted !!-value is 62.3%. We find here as well that !! is significantly 

different from zero and that !! is not significantly different from 0. The slope coefficient is 

lower, around 0.80 and the joint hypothesis that !! = 0 and !! = 1 simultaneously is rejected 

on a 5% significance level, implying that the estimator is biased. The residual analysis shows 

that we obtain Gaussian White Noise, indicating that !"!!! is efficient.  

 

Unlike for S&P500, we reach the conclusion that implied volatility is biased but also inefficient 

due to significant autocorrelation in the residuals.3 Still, the reported adjusted !!-value is 

higher for implied volatility and the coefficients are closer to the values corresponding to 

unbiasedness. Turning to equation (6) we try to find if implied volatility subsumes the 

informational content of past realized volatility. The slope coefficient for implied volatility 

dominates over the slope coefficient for past realized volatility, however the latter remains 

significantly different from zero. This implies that implied volatility only subsumes some of the 

information contained in past realized volatility. By this result we conclude that implied 

volatility is for this data not informationally efficient.  

 
	   	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
3 The autocorrelation affects the standard errors of the reported coefficients, the coefficients remain consistent 
and unbiased but the reported t-values are likely to be invalid. The !!-value should also be interpreted with 
caution since it might be overestimated due to the autocorrelation.	  
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OMXS30 
Dependent variable: Log realized volatility ln  (!"!) 

       !"#.!! 
Independent variables: 

!! 
 

ln  (!"!) ln  (!"!!!)    

−0.04 1.05!    68.8% 
(−0.28) (12.56)     

      
−0.32!  0.80!   62.3% 
(−2.62)  (10.8)    

      
−0.04 0.73! 0.30   70.7% 
(−0.30) (4.54) (2.32)    

Table 4. OLS estimates for equations (4) to (6) in Hypotheses in section 3 for OMXS30 and corresponding !"#$%&'"  !!, t-values 
for the coefficients in parenthesis. Equations: ln  (!"!) = !! + !! ∗ ln  (!"!) + !! , ln  (!"!) = !! + !! ∗ ln  (!"!!!) + !!  and 
ln  (!"!) = !! + !! ∗ ln  (!"!) + !! ∗ ln  (!"!!!) + !!.  

Further detailed outputs are found in Table 18, 20 and 22 in Appendix 2. α indicates p-value<0.05. 

 
To summarize our results we find support for that implied volatility predicts realized volatility 

better than past realized volatility, findings that are consistent for both indices. Implied 

volatility is found to be an efficient, although biased predictor of realized volatility. The claim 

of efficiency is however only supported for S&P500, where we also find evidence that 

supports the hypothesis that implied volatility subsumes all the informational content of past 

realized volatility, meaning that it is informationally efficient. For the Swedish index 

OMXS30 the results cannot support that implied volatility is unbiased, nor efficient. Our 

findings can neither support that implied volatility subsumes all the informational content of 

past realized volatility. Some of the informational content of past realized volatility is 

subsumed by implied volatility, but not efficiently.  
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A comparison to previous literature 
Two commonly asked questions in previous literature are; is there a problem with the 

informational efficiency of the option markets or are there any problems with the methods 

used to assess the hypotheses. In this section we will discuss this by comparing our findings 

to previous literature. 

 

Findings in previous literature regarding the informational content of implied volatility (IV) 

have been mixed. The conclusions of the most frequently referred papers include unbiased & 

efficient, biased & inefficient and a combination of the two as in our case for S&P500 where 

we find IV to be efficient and biased. Markets, asset classes, option styles, pricing-models, 

sampling methods and sizes, statistical violations and time periods are among the factors that 

yield these mixed results. Several sources argue that overlapping samples, i.e. that every 

observation is not based on its own unique window, leads to problems in statistical analysis.4 

We make sure that our data doesn’t violate the important assumption of independent 

observations by constantly sampling one measure of IV and one corresponding estimate of 

realized volatility for each non-overlapping monthly period. In contrast to this method, 

Canina & Figlewski (1993) sample IV at a daily frequency with severe overlapping and 

strong autocorrelation in their regressions as a consequence. Examining S&P100 index 

options they found that IV has virtually no correlation with realized volatility and that it does 

not incorporate the information contained in recently observed volatility.  

 

To further control for possible errors in our analysis we use European style options and take 

dividends into account. Despite being very close, we cannot conclude that implied volatility is 

an unbiased estimator of realized volatility. Christensen & Prabhala (1998) study index 

options for the S&P100 and their paper resembles our in some aspects; they use non-

overlapping observations, studying the IV of at-the-money options with about 24 days to 

maturity, but for American style options and with a larger sample. Through an instrumental 

variable approach they reach the conclusion that IV is unbiased and efficient. Even when 

replicating their instrumental variable approach we find no evidence that IV is unbiased. A 

possible reason for this could be our smaller sample size of about 72 observations, compared 

to 139 observations for Christensen & Prabhala. An interesting part of their paper is that they 

reconstruct all the tests but using the same sample procedure as Canina & Figlewski, creating 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4 See Christensen & Prabhala (1998), Jorion (1995), Fleming (1998) for further discussion on this criterion. 



	   24	  

overlapping observations. By this procedure they find the same results as Canina & 

Figlewski, strongly indicating that statistical violations, rather than economical inefficiency, 

yielded these results. This implies that it actually was the sampling procedure that gave 

Canina & Figlewski their deviating results. This comparison proves that our sampling 

procedure with non-overlapping observations is superior to the method applied by Canina & 

Figlewski. Another strength of our thesis is the consistent sampling method in which realized 

volatility and implied volatility are measured for the same time period. This makes sure that 

our data is non-overlapping and that the obtained results actually enable a straightforward 

interpretation unlike with Day & Lewis’s method. Day & Lewis (1992) find that predictions 

based on past realized volatility, specifically a more advanced GARCH model, outperform the 

Black-Scholes implied volatility. However, they examine the prediction power of IV for one 

week ahead although the implied volatility refers to a longer period; when the options actually 

expire. This creates a mismatch between the measure of IV and how it is evaluated. 

 

Jorion (1995) studies options on currency futures traded at the Chicago Mercantile Exchange. 

According to Jorion, the results found by Canina & Figlewski could be due to some of the 

characteristics of the S&P100 index. Jorion argues that errors-in-variables could stem from 

non-synchronous trading and bid-ask bounce, the former meaning that there is a time-

discrepancy between when the options and the underlying asset are traded which makes 

closing prices incomparable.5 The bid-ask bounce refers to the fact that quoted prices 

“bounce” between the bidding price and the asking price, which means that IV has been 

measured with error. Particularly he argues that these errors have a greater effect on the 

measurement of IV for index options than for currency futures options. In contrast to the 

equity indices that we study, options on currency futures are traded side by side with the 

underlying asset, this decreases the effects of non-synchronous trading. Jorion’s argument is 

not consistent with the results found in our thesis. Our findings lie substantially closer to 

Jorion’s rather than Canina & Figlewski’s, whereas the characteristics of the S&P500 

obviously lie closer to the S&P100 rather than the foreign exchange market. Therefore the 

errors caused by the characteristics of a broad stock market index in relation to its options 

should not be the cause of the deviating results between Canina & Figlewski’s stock index 

options and Jorion’s currency future options. 

 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
5	  For example a thinly traded option might have its closing price based on the last trade made at 1 pm while the 
closing stock price corresponds to a trade made at 3.59 pm, just before closing.	  
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Although we obtain a slight bias in the IV, our estimates of the explanatory power of implied 

volatility exceeds most studies’ corresponding value.6 Kumar (2007) finds IV to be efficient 

and unbiased, obtaining an adjusted !! value of 23.5% for call options near-the-money and 

25.1% for call options that are most actively traded. He studies S&P CNY Nifty index7 

options on the National Stock Exchange of India and accounts for the econometric issues as 

proposed in previous literature. Kumar has about 20 observations less than what we have, he 

uses Black-Scholes model and accounts for dividends while computing the IV. Kumar also 

computes the IV separately for call and put options, showing that the IV for call options 

explain realized volatility better than IV from put options. Similar to our paper Kumar uses 

non-overlapping observations and studies IV for options with 30 days to maturity. In line with 

part of our results, Kumar is able to show that the residuals from regressing realized volatility 

against implied volatility exhibit Gaussian White Noise, and are not autocorrelated according 

to the ARCH LM test. The interesting result from Kumar in relation to our results is that he 

finds that implied volatility is an unbiased estimator of realized volatility. This is unexpected 

since we use nearly identical methodology and despite the fact that our results are closer to 

the joint hypothesis that !! = 0 and !! = 1 in equation (4).  

	    

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
6 Christensen & Prabhala (1998) report 39% for their log-volatility series, Jorion (1995) report values about 13% 
for different subsamples, Canina & Figlewski present values around 5% for different subsamples, Poteshman 
(2000) report 55 % also for log-volatility series. Our estimates of eq. 4 show an adjusted !!-value of 65% for 
S&P500 and 69% for OMXS30. 
7 A weighted portfolio of 50 major company stocks. 



	   26	  

5. Conclusions 
	  
The aim of this study is to examine if implied volatility does to some extent predict the 

realized volatility of the remaining life of an option and to evaluate its informational content. 

This is then put in relation to the prediction power of past realized volatility. To challenge our 

hypotheses we study a larger and more active market, the S&P500, and a smaller market, the 

OMXS30. At first we look at how implied volatility and past realized volatility perform 

respectively when placed separately in a simple regression. We then estimate a multiple 

regression where both implied volatility and past realized volatility are included 

simultaneously. This procedure is applied to both indices for the period November 2007 to 

November 2013. The results show that implied volatility carries information about realized 

volatility. We also show that implied volatility is efficient, although biased, and that it 

predicts realized volatility with a higher accuracy than past realized volatility does. The claim 

of efficiency is however not consistent for both indices, it is only supported for S&P500. 

 

When comparing the simple regressions from equation (4) and (5), we find that implied 

volatility yields a higher explanatory power, and that the coefficients are closer to the 

coefficients expected for unbiasedness. In the multiple regressions (equation 6) it is shown 

that implied volatility dominates past realized volatility in explaining the variation in realized 

volatility. For this we find the strongest support in the estimates regarding S&P500 where 

implied volatility subsumes all the informational content of past realized volatility, indicating 

that implied volatility is informationally efficient. For OMXS30 only some of the 

informational content of past realized volatility is subsumed. The differences between the 

indices can be due to a higher trading activity and a lot more market participants in the 

S&P500 relative to OMXS30. A higher activity reduces the risk for the microstructure errors 

mentioned in Section 3 and we also believe that with the higher activity, the market can 

achieve a more precise forecast of the future volatility. However, if we extend the conclusion 

that implied volatility is superior to past realized volatility, and we credit the market for 

S&P500 index options to be informationally efficient, caution must be taken. This extension is 

then made on the assumption that implied volatility derived from Black-Scholes corresponds 

to the true implied volatility, meaning that Black-Scholes is correctly specified. We find that 

our models exhibit a substantially higher explanatory power set in relation to the explanatory 

power obtained in previous literature. We attribute this to our emphasis on robust sampling 
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methods, matching volatility series and our use of new data. The latter lets us benefit of the 

improvements in academia and of the market’s continuous advancements within the field. 

 

While we find that implied volatility is a better predictor of realized volatility than past 

realized volatility, we cannot find support for that it is an unbiased estimator. Previous 

research argues that measurement errors that are uncorrelated with the true implied volatility 

cause this problem. It has been shown that an instrumental variable approach can solve this 

issue and thereby make claim that implied volatility is unbiased.8 We are not able to reach this 

conclusion, even when applying the same instrumental variable approach. This could stem 

from our sample size, that our sample size is too small to find evidence strong enough to 

support the hypothesis that implied volatility is an unbiased estimator of realized volatility. 

Another possible interference could be the financial crisis that led to unusual recordings of 

implied volatility and realized volatility. A natural suggestion for further study would be to 

extend the time period observed by accounting for a longer period prior to 2008. By this we 

could study how the results would differ with a larger sample and the exclusion of the 

turbulent months following the crash of Lehman Brothers in September 2008.	    

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
8 See Christensen & Prabhala (1998) for further discussions regarding the instrumental variable approach. 
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Appendix 1 – Descriptive statistics 

Volatility series 
	  
	  

Table 1. Descriptive statistics for the volatility series of S&P500, both in level volatility and log-volatility. The data refers to 
the period November 2007 to November 2013. Realized volatility is computed from daily closing prices and computed into 
annualized realized volatility for each period. Each period begins the 5th of each month and ends the 4th of the following 
month. Implied volatility is observed for the corresponding period by collecting implied volatilities the 5th of each month 
with one month to expiration. All original data is collected from Thomson Reuters Datastream on November 12th 2013. The 
natural logarithm is used to compute the log-series. 

	  
 

Table 2. Descriptive statistics for the volatility series of OMXS30, both in level volatility and log-volatility. The data refers 
to the period November 2007 to November 2013. Realized volatility is computed from daily closing prices and computed 
into annualized realized volatility for each period. Each period begins the 5th of each month and ends the 4th of the following 
month. Implied volatility is observed for the corresponding period by collecting implied volatilities the 5th of each month 
with one month to expiration. All original data is collected from Thomson Reuters Datastream on November 12th 2013. The 
natural logarithm is used to compute the log-series. 

  

S&P500 
 
Realized volatility Implied volatility Log Realized volatility Log implied volatility 

 Mean 
  
0.199261  0.211419 -1.779657 -1.647617 

 Median  0.154745  0.174700 -1.865980 -1.744685 
 Maximum  0.808112  0.548900 -0.213054 -0.599839 
 Minimum  0.058868  0.094500 -2.832462 -2.359155 
 Std. Dev.  0.138702  0.102670  0.550140  0.418150 
 Skewness  2.403849  1.594703  0.610155  0.662897 
 Kurtosis  9.708841  5.255097  3.385286  2.868831 
     
 Jarque-Bera  201.5291  46.40907  4.844569  5.398753 
 Probability  0.000000  0.000000  0.088719  0.067247 
     
 Sum  14.14757  15.43360 -126.3556 -120.2760 
 Sum Sq. Dev.  1.346683  0.758956  21.18577  12.58917 
     
 Observations  71  71  71  71 

OMXS30 
 
Realized volatility Implied volatility Log Realized volatility Log implied volatility 

 Mean  0.229929  0.242427 -1.587154 -1.490105 
 Median  0.210142  0.218600 -1.559973 -1.520512 
 Maximum  0.720295  0.541300 -0.328095 -0.613782 
 Minimum  0.087591  0.106600 -2.435072 -2.238672 
 Std. Dev.  0.121820  0.097596  0.475747  0.380610 
 Skewness  1.539849  1.099391  0.389571  0.232134 
 Kurtosis  5.867118  4.017128  2.485324  2.484934 
     
 Jarque-Bera  53.11471  17.85212  2.615862  1.462544 
 Probability  0.000000  0.000133  0.270379  0.481296 
     
 Sum  16.55491  17.69720 -114.2751 -108.7777 
 Sum Sq. Dev.  1.053655  0.685805  16.06979  10.43018 
     
 Observations  72  72  72  72 
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Correlation matrices 
 
 
 

  S&P500 
  Covariance Analysis: Ordinary     
  Date: 12/01/13   Time: 15:59     
  Sample (adjusted): 3 72     
  Included observations: 70 after adjustments    
  Balanced sample (listwise missing value deletion)    
              
Correlation !"! !"! !"!!! !"(!"!) !"(!"!) !"(!"!!!) 

!"! 1.000000      
!"! 0.789887 1.000000     
!"!!! 0.763555 0.897407 1.000000    
!"(!"!) * * * 1.000000   
!"(!"!) * * * 0.811003 1.000000  
!"(!"!!!) * * * 0.717023 0.868241 1.000000 

              
Table 3. Correlation matrix for the volatility series from the index S&P500. Computed both for the level series and for the 
log-volatility series.  

 
 
 
 

  OMXS30 
  Covariance Analysis: Ordinary     
  Date: 12/12/13   Time: 15:52     
  Sample (adjusted): 2 72     
  Included observations: 71 after adjustments    
  Balanced sample (listwise missing value deletion)    
              
Correlation !"! !"! !"!!! !"(!"!) !"(!"!) !"(!"!!!) 

!"! 1.000000      
!"! 0.839452 1.000000     
!"!!! 0.810760 0.876439 1.000000    
!"(!"!)  * * * 1.000000   
!"(!"!)  * * * 0.832203 1.000000  
!"(!"!!!) *  * * 0.792940 0.861096 1.000000 

       
Table 4. Correlation matrix for the volatility series from the index OMXS30. Computed both for the level series and for the 
log-volatility series. 
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Option activity 
The increasing trading activity in options after the year 1973 was studied by Mixon (2009). 

Specifically he studied whether it was the opening of the CBOE or the first mathematical 

approach to price options that led option prices to converge to levels closer to the ones 

proposed by the Black-Scholes formula. He concludes that the opening of CBOE was the 

dominant cause with the pricing model playing a supportive role. 

	  

	  
Figure 1. The graph shows the trading activity on the New York Stock Exchange of annual stocks and of stock shares 
represented by options for the period 1930 to 2005. The solid vertical line marks the year 1973, the year that the CBOE 
opened and also the year that the Black-Scholes formula was introduced. The dotted vertical line at the year 1983 marks 
equity index option began trading. The graph is presented as originally published in Mixon (2009). 
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Distribution of log-returns 
 
Log-returns are calculated as !! = !" !!/!!!!  and should be normally distributed according 

to the theory outlined in Section 2. Figure 2 and Figure 3 below show that this assumption is 

violated, which is discussed in Possible measurement errors in Section 3. 

 
 
S&P500 

 
Figure 2. The histogram shows the distribution of the log-returns for S&P500 for the period November 2007 to November 
2013, a total of 1566 observations. Daily closing prices are recorded and the quotas are calculated as  !! = !" !!/!!!! . The 
assumption of the Black-Scholes formula is that the returns should be normally distributed after taking the natural logarithm. 
The distribution reported shows a high value of kurtosis and a slightly positive skewness, the null hypothesis of normality is 
rejected by the Jarque-Bera test. 

 
 
OMXS30 

 
Figure 3. The histogram shows the distribution of the log-returns for OMXS30 for the period November 2007 to November 
2013, a total of 1566 observations. Daily closing prices are recorded and the quotas are calculated as  !! = !" !!/!!!! . The 
assumption of the Black-Scholes formula is that the returns should be normally distributed after taking the natural logarithm. 
The distribution reported shows a high value of kurtosis and a slightly positive skewness, the null hypothesis of normality is 
rejected by the Jarque-Bera test. 
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Appendix 2 – Regression analysis 
 

Regressions regarding S&P500 
 

S&P500  !"! = !! + !! ∗ !"! + !! 
 
Dependent Variable: SP500_RV   
Method: Least Squares   
Date: 11/11/13   Time: 11:30   
Sample (adjusted): 2 72   
Included observations: 71 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.026278 0.023406 -1.122688 0.2655 
SP500_IV 1.060348 0.099114 10.69823 0.0000 
          
R-squared 0.623880     Mean dependent var 0.199261 
Adjusted R-squared 0.618429     S.D. dependent var 0.138702 
S.E. of regression 0.085678     Akaike info criterion -2.048668 
Sum squared resid 0.506514     Schwarz criterion -1.984930 
Log likelihood 74.72770     Hannan-Quinn criter. -2.023321 
F-statistic 114.4522     Durbin-Watson stat 1.320166 
Prob(F-statistic) 0.000000    
          
Table 5. Regression output for level data when implied volatility is the independent variable. 
The data is in level for S&P500.  

 
 

Figure 4. Correlogram for the residuals from the estimation presented in Table 5. 



	   35	  

 

   
                   
Figure 5. Graph shows implied volatility plotted against realized volatility. Level data is used for S&P500. 

 
 
Wald Test:   
Equation: RV_IV_SP500  
        
Test Statistic Value df Probability 
    F-statistic  1.059080 (2, 69)  0.3523 
Chi-square  2.118160  2  0.3468 
    Null Hypothesis: C(1)=0, C(2)=1  
Null Hypothesis Summary:  
        
Normalized Restriction (= 0) Value Std. Err. 
C(1) -0.026278  0.023406 
-1 + C(2)  0.060348  0.099114 
    Restrictions are linear in coefficients. 
Table 6. Wald’s test for biasedness of implied volatility. Level data is used 
for the S&P500. 
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S&P 500  !"! = !! + !! ∗ !"!!! + !! 
 
Dependent Variable: SP500_RV   
Method: Least Squares   
Date: 11/18/13   Time: 14:41   
Sample (adjusted): 3 72   
Included observations: 70 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C 0.046105 0.019114 2.412104 0.0186 
SP_RV_LAG 0.765314 0.078488 9.750688 0.0000 
          
R-squared 0.583016     Mean dependent var 0.199471 
Adjusted R-squared 0.576884     S.D. dependent var 0.139692 
S.E. of regression 0.090866     Akaike info criterion -1.930701 
Sum squared resid 0.561454     Schwarz criterion -1.866458 
Log likelihood 69.57452     Hannan-Quinn criter. -1.905183 
F-statistic 95.07592     Durbin-Watson stat 1.704115 
Prob(F-statistic) 0.000000    
Table 7. Regression output for level data when past realized volatility is the independent 
variable. The data is in level for S&P500. 

	  

 
Figure 6. Correlogram for the residuals from the estimation presented in Table 7. 
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S&P 500  !"! = !! + !! ∗ !"! + !! ∗ !"!!! + !! 
 
Dependent Variable: SP500_RV   
Method: Least Squares   
Date: 11/30/13   Time: 13:26   
Sample (adjusted): 3 72   
Included observations: 70 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.010527 0.025051 -0.420221 0.6757 
SP500_IV 0.721773 0.223236 3.233220 0.0019 
SP_RV_LAG 0.281671 0.166686 1.689832 0.0957 
          
R-squared 0.639295     Mean dependent var 0.199471 
Adjusted R-squared 0.628528     S.D. dependent var 0.139692 
S.E. of regression 0.085140     Akaike info criterion -2.047117 
Sum squared resid 0.485676     Schwarz criterion -1.950753 
Log likelihood 74.64910     Hannan-Quinn criter. -2.008840 
F-statistic 59.37379     Durbin-Watson stat 1.470831 
Prob(F-statistic) 0.000000    
Table 8. Regression output for level data when implied volatility and past realized volatility 
both are used as independent variable. The data is in level for S&P500. 

 
 

 
Figure 7. Correlogram for the residuals from the estimation presented in Table 8. 
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S&P 500  !"  (!"!) = !! + !! ∗ !"  (!"!)+ !! 
 
Dependent Variable: LOG_SP_RV   
Method: Least Squares   
Date: 11/11/13   Time: 12:40   
Sample (adjusted): 2 72   
Included observations: 71 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.024654 0.157147 -0.156884 0.8758 
LOG_SP_IV 1.069227 0.092829 11.51829 0.0000 
          
R-squared 0.657858     Mean dependent var -1.779657 
Adjusted R-squared 0.652900     S.D. dependent var 0.550140 
S.E. of regression 0.324116     Akaike info criterion 0.612334 
Sum squared resid 7.248532     Schwarz criterion 0.676072 
Log likelihood -19.73786     Hannan-Quinn criter. 0.637681 
F-statistic 132.6709     Durbin-Watson stat 1.668047 
Prob(F-statistic) 0.000000    
Table 9. Regression output for log data when implied volatility is the independent variable. 
The data is for the log-series S&P500. 

 
 

 
Figure 8. Correlogram for the residuals from the estimation presented in Table 9. 
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Figure 9. Histogram is plotted for the residuals from the equation estimation in Table 9. Also descriptive 
statistics from for the residuals, where Jarque-Bera test statistics show that the null hypothesis of normal 
distribution cannot be rejected. 

 
Wald Test:   
Equation: LOG_RV_IV_SP  
        
Test Statistic Value df Probability 
F-statistic  6.739951 (2, 69)  0.0021 
Chi-square  13.47990  2  0.0012 
    Null Hypothesis: C(1)=0, C(2)=1  
Null Hypothesis Summary:  
        
Normalized Restriction (= 0) Value Std. Err. 
        
C(1) -0.024654  0.157147 
-1 + C(2)  0.069227  0.092829 
Restrictions are linear in coefficients. 
Table 10. Wald’s test for biasedness of implied volatility. Log-series data 
is used for the S&P500. 

 
 

 
 
Figure 10. Graph shows implied volatility plotted against realized volatility. Log-series data is used 
for S&P500. 
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S&P 500  !"  (!"!) = !! + !! ∗ !"  (!"!!!)+ !! 
 
Dependent Variable: LOG_SP_RV   
Method: Least Squares   
Date: 11/19/13   Time: 11:50   
Sample (adjusted): 3 72   
Included observations: 70 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.505063 0.157435 -3.208063 0.0020 
LOG_SP_RV_LAG 0.718899 0.084751 8.482492 0.0000 
          
R-squared 0.514121     Mean dependent var -1.780944 
Adjusted R-squared 0.506976     S.D. dependent var 0.554004 
S.E. of regression 0.388998     Akaike info criterion 0.977669 
Sum squared resid 10.28971     Schwarz criterion 1.041912 
Log likelihood -32.21842     Hannan-Quinn criter. 1.003187 
F-statistic 71.95268     Durbin-Watson stat 2.084026 
Prob(F-statistic) 0.000000    
Table 11. Regression output for log data when past realized volatility is the independent 
variable. The data is for the log-series of S&P500. 

 
 

 
Figure 11. Correlogram for the residuals from the estimation presented in Table 11. 
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Figure 12. Histogram is plotted for the residuals from the equation estimation in Table 11. 
Also descriptive statistics from for the residuals, where Jarque-Bera test statistics show 
that the null hypothesis of normal distribution cannot be rejected. 

 
 
Wald Test:   
Equation: LOG_RV_LAGGEDRV_SP  
        
Test Statistic Value df Probability 
F-statistic  6.739951 (2, 69)  0.0021 
Chi-square  13.47990  2  0.0012 
    Null Hypothesis: C(1)=0, C(2)=1  
Null Hypothesis Summary:  
    Normalized Restriction (= 0) Value Std. Err. 
C(1) -0.024654  0.157147 
-1 + C(2)  0.069227  0.092829 
Restrictions are linear in coefficients. 
Table 12. Wald’s test for biasedness of past realized volatility. Log-series 
data is used for the S&P500. 
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S&P 500  !"  (!"!) = !! + !! ∗ !"  (!"!)+ !! ∗ !"  (!"!!!)+ !! 
 
Dependent Variable: LOG_SP_RV   
Method: Least Squares   
Date: 11/23/13   Time: 15:28   
Sample (adjusted): 3 72   
Included observations: 70 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.030030 0.160188 -0.187469 0.8519 
LOG_SP_IV 1.009322 0.189736 5.319602 0.0000 
LOG_SP_LAGRV 0.052447 0.144295 0.363469 0.7174 
          
R-squared 0.658400     Mean dependent var -1.780944 
Adjusted R-squared 0.648203     S.D. dependent var 0.554004 
S.E. of regression 0.328594     Akaike info criterion 0.653923 
Sum squared resid 7.234249     Schwarz criterion 0.750287 
Log likelihood -19.88729     Hannan-Quinn criter. 0.692200 
F-statistic 64.56789     Durbin-Watson stat 1.708679 
Prob(F-statistic) 0.000000    
          
Table 13. Regression output for log-series data when implied volatility and past realized 
volatility both are used as independent variables. The data is from the log-series of S&P500. 

 
 

 
Figure 13. Correlogram for the residuals from the estimation presented in Table 13. 
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Figure 14. Histogram is plotted for the residuals from the equation estimation in Table 13. Also descriptive 
statistics from for the residuals, where Jarque-Bera test statistics show that the null hypothesis of normal 
distribution cannot be rejected.  
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Regressions regarding OMXS30 
 
 
 
OMXS30  !"! = !! + !! ∗ !"! + !! 
 
Dependent Variable: OMX_RV   
Method: Least Squares   
Date: 12/12/13   Time: 13:49   
Sample (adjusted): 1 72   
Included observations: 72 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.025937 0.021312 -1.217049 0.2277 
OMX_IV 1.049069 0.081218 12.91669 0.0000 
          
R-squared 0.704443     Mean dependent var 0.229929 
Adjusted R-squared 0.700221     S.D. dependent var 0.121820 
S.E. of regression 0.066699     Akaike info criterion -2.549862 
Sum squared resid 0.311415     Schwarz criterion -2.486621 
Log likelihood 93.79503     Hannan-Quinn criter. -2.524686 
F-statistic 166.8409     Durbin-Watson stat 1.093269 
Prob(F-statistic) 0.000000    
Table 14. Regression output for level data when implied volatility is the independent variable. 
The data is in level for OMXS30. 

 

 
Figure 15. Correlogram for the residuals from the estimation presented in Table 14. 
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Figure 16. Graph shows implied volatility plotted against realized volatility. Level data is used for OMXS30. 

 
 

 

Table 15. Wald’s test for biasedness of implied volatility. Level data is 
used for the OMXS30. 
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Wald Test:   
Equation: RV_IV_OMX  
        
Test Statistic Value df Probability 
        
F-statistic  1.761612 (2, 70)  0.1793 
Chi-square  3.523224  2  0.1718 
    Null Hypothesis: C(1)=0, C(2)=1  
Null Hypothesis Summary:  
        
Normalized Restriction (= 0) Value Std. Err. 
        
C(1) -0.025937  0.021312 
-1 + C(2)  0.049069  0.081218 
    
Restrictions are linear in coefficients. 
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OMXS30  !"! = !! + !! ∗ !"!!! + !! 
 
Dependent Variable: OMX_RV   
Method: Least Squares   
Date: 11/18/13   Time: 14:48   
Sample (adjusted): 3 73   
Included observations: 71 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C 0.040973 0.018544 2.209513 0.0305 
OMX_RV_LAG 0.816444 0.070965 11.50481 0.0000 
          
R-squared 0.657331     Mean dependent var 0.230084 
Adjusted R-squared 0.652365     S.D. dependent var 0.122680 
S.E. of regression 0.072333     Akaike info criterion -2.387307 
Sum squared resid 0.361013     Schwarz criterion -2.323569 
Log likelihood 86.74940     Hannan-Quinn criter. -2.361961 
F-statistic 132.3606     Durbin-Watson stat 1.751514 
Prob(F-statistic) 0.000000    
Table 16. Regression output for level data when past realized volatility is the independent 
variable. The data is in level for OMXS30. 

 

 
Figure 17. Correlogram for the residuals from the estimation presented in Table 16. 
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OMXS30 !"! = !! + !! ∗ !"! + !! ∗ !"!!! + !! 
 
Dependent Variable: OMX_RV   
Method: Least Squares   
Date: 12/12/13   Time: 14:00   
Sample (adjusted): 2 72   
Included observations: 71 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.014784 0.021190 -0.697703 0.4877 
OMX_IV 0.694709 0.163878 4.239195 0.0001 
OMX_RV_LAG 0.325883 0.132035 2.468167 0.0161 
          
R-squared 0.728960     Mean dependent var 0.230084 
Adjusted R-squared 0.720989     S.D. dependent var 0.122680 
S.E. of regression 0.064802     Akaike info criterion -2.593638 
Sum squared resid 0.285549     Schwarz criterion -2.498031 
Log likelihood 95.07413     Hannan-Quinn criter. -2.555618 
F-statistic 91.44295     Durbin-Watson stat 1.282569 
Prob(F-statistic) 0.000000    
Table 17. Regression output for level data when implied volatility and past realized volatility 
both are used as independent variable. The data is in level for OMXS30. 

 

 
Figure 18. Correlogram for the residuals from the estimation presented in Table 17. 
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OMXS30  !"  (!"!) = !! + !! ∗ !"  (!"!)+ !! 
 
Dependent Variable: LOG_OMX_RV  
Method: Least Squares   
Date: 12/12/13   Time: 14:04   
Sample (adjusted): 1 72   
Included observations: 72 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.036010 0.127421 -0.282609 0.7783 
LOG_OMX_IV 1.045850 0.083279 12.55832 0.0000 
          
R-squared 0.692593     Mean dependent var -1.587154 
Adjusted R-squared 0.688202     S.D. dependent var 0.475747 
S.E. of regression 0.265652     Akaike info criterion 0.214124 
Sum squared resid 4.939961     Schwarz criterion 0.277365 
Log likelihood -5.708460     Hannan-Quinn criter. 0.239300 
F-statistic 157.7114     Durbin-Watson stat 1.108713 
Prob(F-statistic) 0.000000    
Table 18. Regression output for log-series data when implied volatility is the independent 
variable. The log-data is for OMXS30. 

 

 
Figure 19. Correlogram for the residuals from the estimation presented in Table 18. 
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Figure 20. Histogram is plotted for the residuals from the equation estimation in Table 18. Also descriptive statistics from for 
the residuals, where Jarque-Bera test statistics show that the null hypothesis of normal distribution cannot be rejected. 

 

 
 
Figure 21. Graph shows implied volatility plotted against realized volatility. Log-series data is used for 
OMXS30. 

 
Wald Test:   
Equation: LOG_RV_IV_OMX  
Test Statistic Value df Probability 
        
F-statistic  6.164318 (2, 70)  0.0034 
Chi-square  12.32864  2  0.0021 
    Null Hypothesis: C(1)=0, C(2)=1  
Null Hypothesis Summary:  
        
Normalized Restriction (= 0) Value Std. Err. 
        
C(1)  0.014132  0.114839 
-1 + C(2)  0.073598  0.074606 
    Restrictions are linear in coefficients. 
Table 19. Wald’s test for biasedness of implied volatility when log-series 
data is used for OMXS30.   
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OMXS30  !"  (!"!) = !! + !! ∗ !"  (!"!!!)+ !! 
 
Dependent Variable: LOG_OMX_RV  
Method: Least Squares   
Date: 11/19/13   Time: 11:39   
Sample (adjusted): 3 73   
Included observations: 71 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.321010 0.122297 -2.624841 0.0107 
LOG_OMX_RV_LAG 0.802809 0.074264 10.81020 0.0000 
          
R-squared 0.628754     Mean dependent var -1.588114 
Adjusted R-squared 0.623373     S.D. dependent var 0.479063 
S.E. of regression 0.294000     Akaike info criterion 0.417294 
Sum squared resid 5.964101     Schwarz criterion 0.481031 
Log likelihood -12.81392     Hannan-Quinn criter. 0.442640 
F-statistic 116.8604     Durbin-Watson stat 2.081379 
Prob(F-statistic) 0.000000    
Table 20. Regression output for log data when past realized volatility is the independent 
variable. The data is for the log-series of OMXS30. 

 

 
Figure 22. Correlogram for the residuals from the estimation presented in Table 20. 
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Figure 23. Histogram is plotted for the residuals from the equation estimation in Table 20. Also 
descriptive statistics from for the residuals, where Jarque-Bera test statistics show that the null 
hypothesis of normal distribution cannot be rejected. 

 
Wald Test:   
Equation: LOG_RV_LAGGEDRV_OMX  
    Test Statistic Value df Probability 
    
F-statistic  6.164318 (2, 70)  0.0034 
Chi-square  12.32864  2  0.0021 

Null Hypothesis: C(1)=0, C(2)=1  
Null Hypothesis Summary:  
    Normalized Restriction (= 0) Value Std. Err. 
    C(1)  0.014132  0.114839 
-1 + C(2)  0.073598  0.074606 
    Restrictions are linear in coefficients. 
Table 21. Wald’s test for biasedness of past realized volatility. Log-series 
data is used for OMXS30. 
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OMXS30  !"  (!"!) = !! + !! ∗ !"  (!"!)+ !! ∗ !"  (!"!!!)+ !! 
Dependent Variable: LOG_OMX_RV  
Method: Least Squares   
Date: 12/12/13   Time: 15:03   
Sample (adjusted): 2 72   
Included observations: 71 after adjustments  
          
Variable Coefficient Std. Error t-Statistic Prob.   
          
C -0.037778 0.124655 -0.303060 0.7628 
LOG_OMX_IV 0.726513 0.160032 4.539791 0.0000 
LOG_OMX_RVLAG 0.298952 0.128890 2.319430 0.0234 
          
R-squared 0.715102     Mean dependent var -1.588114 
Adjusted R-squared 0.706722     S.D. dependent var 0.479063 
S.E. of regression 0.259437     Akaike info criterion 0.180729 
Sum squared resid 4.576913     Schwarz criterion 0.276335 
Log likelihood -3.415876     Hannan-Quinn criter. 0.218748 
F-statistic 85.34083     Durbin-Watson stat 1.430675 
Prob(F-statistic) 0.000000    
Table 22. Regression output for log-series data when implied volatility and past realized 
volatility both are used as independent variables. The data is from the log-series of OMXS30. 

 

 

Figure 24. Correlogram for the residuals from the estimation presented in Table 22. 
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Figure 25. Histogram is plotted for the residuals from the equation estimation in Table 22. Also descriptive 
statistics from for the residuals, where Jarque-Bera test statistics show that the null hypothesis of normal 
distribution cannot be rejected. 
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