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ABSTRACT 

In this report we will test whether volatility estimates of the CAC 40 index contained in 

option prices are better at predicting realized volatility than historical volatility values. 

This study was conducted in three main stages. First, we use the Newton-Raphson algorithm 

to find the implicit roots of the Black-Scholes formula. The output of this operation will yield 

the implied volatility values for the traded index securities. The next step is then to find the 

historical volatilities for the same contracts using the standard deviation of log returns of the 

CAC 40 index. The final step is to run the regression analysis to determine which method is 

the better predictor of realized volatility given by the VCAC index. We find that historical 

volatility has more predicting power than implied volatility.  

In the first chapter, we’ll talk about the key financial concepts used in the study. In the second 

chapter, we’ll present the data and methodology used to derive implied and historical 

volatilities given the options and index prices. In the third chapter, we’ll analyze the results by 

separating the data into three maturity buckets, and then running the regression for put and 

call options. In the fourth and final chapter, we’ll discuss the results of the regression and the 

weaknesses of the (unadjusted) Black-Scholes implied volatility; we’ll then show how using 

explicit derivation of implied volatility, the fundamental analysis theory and GARCH models 

can produce better estimates of volatility.  

Key words: implied volatility; Black-Scholes model; historical volatility; stock price; returns; 

CAC 40; financial markets; French Stock Market 
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CHAPTER 1: INTRODUCTION 

 

1.1 Volatility in Financial Markets: 

A financial market, from an economic point of view, is a complex mechanism that allows 

traders to negotiate and exchange assets. From a financial point of view, it’s the link between 

investors, individuals with an excess of money, and borrowers, individual with a lack of 

money.  Investors will then lend money to borrowers at an interest that varies depending on 

the riskiness of the borrower: if they’re instable and have a high probability of defaulting on 

the interest payment, the risk, hence the return on the investment, grows. If, on the contrary, 

they’re financially stable and are not likely to default, the risk—the return—is low. Volatility 

is not exactly the same as risk, but when we consider it as an indicator of uncertainty it 

becomes a crucial parameter in pricing derivative securities and portfolio management [1].  

A common mistake is to always assimilate risk as the standard deviation of the returns. In 

reality, this approximation can only be made when the distribution condition is met. Thus, this 

approximation is only correct when σ is linked to a standard distribution (normal or 

lognormal). Implicitly, when we refer to uncertainty of returns, we have a normal distribution 

in mind. 

The riskiness of a financial product, assuming normal distribution of the returns, is therefore 

commonly quantified by the volatility, denoted by σ. A common market practice is to price 

stocks using their volatility index. When a stock is highly volatile, its standard deviation is 

high, meaning the returns are sensitive to changes in the market like natural disasters, political 

instability, or financial crises. An example of a highly volatile asset is crude oil, as we notice 

that the price of the barrel can skyrocket or plummet in the matter of a few minutes following 

a big event. As a result, the return on a volatile asset will be high when the stock hits high, 

and low, (sometimes even negative resulting in losses) when the stocks fall.  

Since it’s a key determinant of an asset’s profitability, volatility is one of the most important 

factors to value an asset and its derivatives.  As such, volatility forecasting and risk 

management has become mandatory for firms, financial institutions as well as governmental 
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organizations in order to limit their risk exposure. Nowadays, financial institutions have to set 

aside capital reserves in the Central Bank proportional to their value-at-risk. In this paper, 

we’ll study two common ways to model volatility: implied volatility based on the Black-

Scholes option pricing model and historical volatility which relies on past stock market 

returns.  

1.2 The Black-Scholes Model:  

In the spring of 1973, Fisher Black and Myron Scholes published an academic paper based on 

empirical evidence to price options on given assets [2]. Their paper suggests that the value of 

an option is derived from a few variables: the price of the underlying asset, the strike price 

and maturity of the option, the volatility of the asset, and the risk free interest rate.  

1.2.1 Key Assumptions:  

In order to use the BS formula, Black (1973) assumed ideal conditions for the stocks [2]:  

• The risk-free rate is constant throughout the life of the option 

• The stock pays no dividends 

• The option must be European: it can’t be exercised before maturity 

• Transaction cost of trading the option isn’t taken into account 

• The distribution of stock prices is lognormal over time. The variance of the returns is 

constant. 

1.2.2 The Hedging Strategy According to Black and Scholes: 

The hedging strategy is how asset managers chose to offset the potential losses incurred by 

risky investments. For investors interested in options, the more the stock price and time to 

maturity change, the more the number of options purchased to offset the risk changes.  

In their paper, Black and Scholes base their valuation theory on the fact that the value of the 

option depends on the value of a hedged position obtained by a long position in the stock and 

a short position in the option. As a result, the price of option isn’t linked to the stock price but 

rather to the change in the investor’s hedge position. If they don’t update their portfolio of 

stocks and options depending on fluctuations in the stock price (especially as the time to 
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maturity shortens), then the risk increases, however it becomes an unsystematic risk that can 

be diversified away easily. This strategy is known as dynamic hedging. On average, 95% of 

the risk can be removed by daily dynamic hedging [3].  

1.2.3 The Valuation Formula: 

The equation given by Black and Scholes for valuing options is: 

   (1) 

   (2) 

With: 

 

 

In equations (1) and (2): 

N(.) is the cumulative normal density function.  

C/P: Call/Put option price. It’s the option price at the time of the trade.  

x: underlying stock price. It’s the index price at the time of the trade.  

T: years until maturity. It’s difference between the date of maturity of the option and the date 

of the trade.  

K: strike price of the option at the maturity. In financial markets, a discrete number of strikes 

is used for calls/ put. 

σ: stock volatility. It’s the standard deviation of log returns on the stock.  

1.2.4 Implied Volatility: 

In equation (1), the underlying stock price and the option price are given by the market. The 

strike price, risk-free rate, and time to maturity are all specified in the option covenants. The 

C = xN(d1)− N(d2 )Ke
−rT

P = N(−d2 )Ke
−rT − xN(−d1)

d1 =
ln( x
K
)+ (r +σ

2

2
)T

σ T

d2 =
ln( x
K
)+ (r −σ

2

2
)T

σ T
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only free variable is σ the implied volatility of the underlying. In order to get σ we need to 

solve the Black-Scholes equation for implicit roots.   

1.2.5. The Newton-Raphson Algorithm: 

The BS formula can be solved by using the Newton Raphson method. In order to solve a non-

linear algebraic equation, we use the following iterative algorithm since it provides an 

accurate estimation of the equation’s roots [4]: 

𝑥!!! = 𝑥! −
!(!!)
!!(!!)

     (3) 

By substituting with the BS inputs, we get: 

𝜎!!! = 𝜎! −
!(!!)
!"

!!!
     (4) 

In equation (4), σi+1 is the forecasted implied volatility, C(σ) is the market value of the option,  

and 𝜕𝐶 𝜕𝜎! is the vega function; the sensitivity of the option price to a 1% change in volatility 

[5]. To solve Black Scholes, we only need a limited number of iterations, usually no more 

than three.  

1.3 Historical Volatility: 

In the late 1990’s, the option-pricing model was widely used in estimating volatility and 

hedging securities and their derivatives.  It was considered to be the most accurate method 

until explicit options started having longer maturities, as opposed to short-term maturities 

where assuming a constant volatility over the life of the security was a viable assumption 

[6].  Thus, using historical volatility is considered as a reliable measure of comparison to 

test the accuracy of implied volatility. As Figlewski (1994) explains, volatility is a time-

varying parameter, but using a time series analysis like GARCH will inevitably use 

parameters estimated from past data. Therefore, historical volatility might be an 

unsophisticated forecasting method, but in some instances its results are just as robust as 

Brownian motion and stochastic processes.  
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1.3.1 Predictions Based on Historical Standard Deviation: 

There are several ways to estimate σt. The base assumption is that σt-τ is known at the time t-1, 

∀ τ>0.  The method used in this report is the Historical Average method, where we get the 

volatility from the standard deviation of past returns. The model could be made more efficient 

by constantly updating parameters for newly observed information [1].   

The index return over the period t-1 to t is computed as follows: 

R = ln( St
St−1
)    (5)  

Since volatility is the standard deviation of the log returns, we take the first value of volatility 

to be the sample standard deviation of the returns on the first 20 contracts. We take 20 values 

for the returns so that we don’t forsake the returns from the entire first month of trading, while 

still taking into account a considerable number of contracts.  

1.4 Realized Volatility: 

The term “realized volatility” was used in 1991 by Hsieh and Fung to refer to the sum of 

short-term returns, compiled every five minutes. A period shorter than five minutes would 

cause the market’s microstructural noise, “bid/ask bounce, intraday periodic volatility pattern, 

nonsynchronous trading” [1] to offset the computations and increase the margin of error. 

These factors often cause complications in the computation of volatility forecasts.   

1.5 PESTLE Analysis: 

The financial sector is subservient to several factors summarized by the PESTLE analysis:  

  

1.5.1. Political factor:  

Financial intelligence is a powerful tool for political lobbies is the sense that their returns are 

dictated by the key rate set by the Central Bank. It’s important for central banks to remain 

independent from the government, be it the legislative or the exclusive body, in order to keep 

long-term economic growth as the priority instead of short-term profits dictated by the 

financial markets.  
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From another aspect, political stability also affects market indexes. Political imbalances have 

a tendency of offsetting stock prices by increasing beta, measure of the systematic risk, and 

causing widespread financial turmoil across national and international markets. Policy makers 

often rely on volatility forecasts to estimate the sensitivity of certain markets and industries to 

new laws. 

1.5.2. Economic factor: 

Macroeconomic factors are some of the best predictors of potential risk or turmoil within the 

markets.  

• Inflation: an increase of inflation often coincides with an increase in the volatility of 

stock returns. Pindyck (1983) claims that an increase in the mean and variance of 

inflation is a direct cause of decline in firm’s rate of return [7].  

• Economic growth: Levine and Zervos (1998) claim that a strong stock market and 

financial intermediaries can predict long-run economic growth, because financial 

markets provide crucial services to the economy. In addition to that, liquidity of the 

stocks (lower default risk, lower volatility) encourages investments in the stock 

market, as sentiment grows optimistic [8].  

• Exchange rates: Angelo Kanas (2003) did an empirical study on volatility spillovers 

between the stock market returns and exchange rates. He found that in five out of six 

countries he studied, the volatility of stock returns affects the exchange rate of the 

country [9].  

• Interest Rates: there’s a negative correlation between stock returns and risk free 

interest rates. The higher the key rate, the lower the returns and therefore the higher 

the volatility.  

1.5.3. Socio-cultural factor: 

The social factor is relevant for describing the foreign policy of the country. A country that’s 

socio-economically “friendly” will see its financial markets flourish with international 

investors looking to diversify their portfolio.  
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From another perspective, socio-cultural trends tend to be a good predictor of stock 

behaviour. For instance, current social movements have had effects on firm stock prices 

• Snapchat lost 1 billion in value after celebrities complained about the app on social 

media. 

• Facebook lost 60 billions in value after it was discovered that private information was 

leaked to an analytics firm.  

• In France, the CAC 40 dropped after the government announced harsh liberal reforms 

on public companies like the SNCF.  

1.5.4. Technological factor:  

21st century finance is based mainly on forecasting models, algorithms and online pricers that 

rely on the latest technological advances. The construction of new complex financial products 

relies on technological research that allows financial engineers to price them and estimate 

their volatility and implicitly their returns.   

Moreover, the tech industry is one of the most active and most profitable industries in the 

stock market. A sign of a healthy economy is a strong tech index, as we can see from the 

NASDAQ index that follows the most active tech companies.  

1.5.5. Legislative Requirements:  

The government and parliament of the country determine them. Usually restrictions on 

financial market liberty is tighter when left-wing parties are in charge, as opposed to neo-

liberal right-wing parties that favour capitalism and competitiveness of markets. After the 

2008 crisis however, even the US—a dominantly capitalist country—voted to somewhat 

regulate financial institutions by injecting money into private banks, and limit speculations to 

a reasonable degree. It’s arguable though, whether those measures are efficient. Some might 

say private banks today are “too big to fail”, and therefore too big to regulate.  

Legislations on financial markets are heavily dependent on political lobbies. In order for the 

legislative body to be efficient and operate in the best interest of the economy and the people, 

it needs to be independent and autonomous from private financial institutions. In the US, the 

governmental body in charge of regulating markets is the Securities Exchange Commission 
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(SEC) who investigates the income statements and prevents from insider trading in the 

market. In Morocco, it’s the AMMC.  

1.5.6. Environmental factor:  

Recently we have noticed the surge of what we now call “Green Finance”. It refers to new 

ecology-oriented companies specialized in producing environmental goods and delivering 

services (energy auditing, up keeping biodiversity, water management units, preserving fauna 

and flora). These companies go public, usually starting with a strong IPO, and raise capital 

that they later use to grow, reinvest in green energy, and encourage the implementation of 

green policies.   

 



 

 

 

18 

CHAPTER 2: DATA AND METHODOLOGY 

 

2.1. Description of the Data: 

The aim of this research is to determine whether implied volatility is a better predictor of the 

VCAC index than historical volatility. To do so, we’ll take evidence from the French Stock 

Market, and more specifically on the CAC 40 stock index that regroups the 40 most profitable 

publicly listed French companies. The reason behind this choice is to satisfy Black and 

Scholes’ “ideal conditions”, namely European-style options, no dividends are paid out, and 

the distribution of stock prices is lognormal. The realized volatility of the CAC 40 is given by 

the VCAC volatility index.  

While some in the United States consider warrants as out-dated financial derivatives, some 

markets like Hong Kong or Paris still use them in their day-to-day operations and trades. 

Warrants, just like options, are traded securities that give their owner the right but not the 

obligation to buy or sell an asset at a predetermined price at the maturity. In fact, in the article 

“How we came up with the option formula”, Black (1989) wrote that the value equation was 

originally intended for valuing warrants [10]. Companies usually include warrants as part of a 

new-issue offering to entice investors into buying the new security, therefore causing a 

dilution of the firm’s equity [11]. European warrants, unlike American warrants, can only be 

exercised at the maturity. Warrants often represent a number of shares of the underlying 

stock, commodity, index or currency. Warrants on the CAC 40 are more liquid and more 

popular than options, and are issued by La Société Générale.  

In “The pricing of options and corporate liabilities”, Black and Scholes suggest the Black-

Scholes formula is appropriate for pricing options [2]. However, it turns out that pricing 

warrants is more complex than pricing options because of the issuer’s credit risk and the 

dilution of equity that results from issuing new shares of stock. In 2007, Abinzano and Navas 

published a research that quantifies the additional risk of issuing warrants. They claimed that 

the Black-Scholes formula should be adjusted downward to account for dilution and credit 

risk [11]. A high dilution will result in a decrease in the warrant price, and a high credit risk 
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will likely increase the volatility and therefore reduce the value of the warrant. Here credit 

risk and dilution are directly linked to the financial risk of the firm, seeing as credit risk 

reflects the operating leverage (quantified by the debt ratio) and dilution reflects a higher 

equity ratio, and consequently alters the stock price.  

2.2. Dilution Effect: 

Abinzano and Naval (2007) specify that in the event of a firm issuing warrants on indexes, no 

dilution will result of the exercise of the warrant [11]. Therefore in our case, we do not need 

to adjust the implied volatility derived from Back-Scholes for additional equity. The main 

assumption made to back this claim is that the underlying asset is independent from the 

default risk of the firm issuing the contracts. In our case the default risk of La Société 

Générale (issuer) is indeed independent from the CAC 40 since issuing new stock indexes 

doesn’t affect the number of shares outstanding of the bank nor its target capital structure. 

2.2.1. Credit Risk:  

Credit risk is assessed formally by a credit rating agency. Some of the most reliable agencies 

today are Moody’s, Fitch and Standard and Poor’s. Table 5 gives the ratings given to La 

Société Générale on different bonds. The outlook of the credit rating agencies on LSG’s 

bonds is unanimous—it’s a stable outlook [12]. No default risk adjustments need to be made. 

2.3. Data:  

Our set is composed of daily data on the CAC 40-index closing prices and index options 

recorded from January 1st 2017 to December 31st 2017. We gathered a total of 414 

observations: 327 for calls, and 87 for puts. The reason behind the disparity is that call 

options are more liquid—it’s easier to sell a call than a put. The data displays normality, no 

dividends are paid out during this period, there’s no evidence of homoscedasticity and multi-

collinearity. These assumptions are discussed later in the regression analysis.  

For the results to be more accurate, we first divide our data into two subsets: put and calls. 

Then we split it into three different maturity buckets: less than six months to maturity, 

between six and twelve months, and over twelve months to maturity.  
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To understand the behaviour of stock volatility with respect to stock price, we plotted the 

following graph:  

 

Figure 1- Realized Volatility vs. Stock Price 

We can see in the Figure 1 that stock prices and stock volatility have an inverse relationship: 

when stocks are up, the volatility of the return down, but when the stock is tumbling, the 

volatility rises as a sign that investments in the stock index are more risky and might yield 

less returns. 

2.3.1. Analysis of the CAC 40 Financial Chart: 

The price evolution of the CAC 40 index tells us a lot about the French stock market during 

the year. We notice a few key dates where the prices deviations are higher than the norm; on 

those days, stock price and volatility align to signal disturbances in the market due to 

economic, political or socio-cultural movements. The highlights include: 

• On 20th of April 2017 the price went up 1.7%. During that period was held the first 

round of the French presidential elections. While there are many interpretations of this 

recurrent pattern, there’s no single reason why stocks and by extension indices go up 

during presidential elections. According to Kiplinger’s senior editor Anne Kates 

Smith, historically the Dow gains on average 10.4% before a presidential election, and 

overall 6% the year of the election [13]. During Obama’s second term in 2012, the 

Dow 30 gained an impressive 27%.  
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• On June 2017, the CAC 40 lost 2.9% because the market value of the dollar fell 0.27% 

against the Euro.  

• From September 1st to November 1st we can see the trend going upwards as Euronext 

decided to remove Nokia from the index and replace it with STMicroelectronics. 

• During the first week of November the index dropped again.  The reason behind it was 

an overall drop in commodities: EDF fell 1% because of delays in nuclear plant 

delivery; Peugeot also lost 0.8% that week.   

• In January 2018, the markets were at an all time high before dropping suddenly 

starting February 2nd. The reason for the turmoil was good news for the global 

economy since the unemployment rate was down, wages were going up and the 

consumer price index (CPI) was up. However a strong economy also means a high 

inflation risk, which cause the Central Bank to increase the 10-year treasury bonds 

yields to almost 1% on February 2nd.  Since then the market indices (including the 

Dow 30, the DAX, the FTSE, S&P 500, etc) have been slowly recovering.  

2.4. Moneyness of the Options and Volatility Smile:  

As we mentioned previously, the BSM rests on an important assumption: the lognormal 

distribution of the stock returns. However, literature shows that when an investment is riskier 

than average, the distribution of its returns is leptokurtic and skewed to the right [16]. In a 

normal distribution, when the strike price of a call option exceeds the asset price, we say the 

option is out-of-the-money, so it’s not profitable and thus the probability that the option-

holder will exercise it is very low. On the other hand when the distribution is leptokurtic, this 

probability is higher, and the option is not as deep out-of-the-money; we then assume the 

terminal underlying asset price will exceed that of the call option and the option will finish in 

the money. It’s the very assumption that makes BSM possible that overstates implied 

volatility.  

When the exercise price is low, the call option will gain in intrinsic value. The intrinsic value 

measures how deep in-the-money the option is (i.e. it’s profitability), as opposed to the time 

value of the option, that reflects the riskiness of the option relative to the time left to maturity. 

The option premium (its quoted price) is equal to the intrinsic value plus the time value. The 
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longer the time to maturity, the higher the time value, and the greater the strike price and 

stock price, the smaller the intrinsic value of a call option. For a put option, the intrinsic value 

goes up when the strike price is greater than the spot price. So, an option could be deep in-the-

money but still have a low time value and high riskiness, and the opposite is true. This is why 

when an option is out-of-the-money, using BSM to derive implied volatility will overstate the 

volatility. We see this when we plot strike prices against the option value—the resulting graph 

is the volatility smile. 

2.5. Regression Analysis and Hypothesis Formulation: 

To see which volatility forecasting model has the highest predicting power, we’ll use a 

multiple regression model (encompassing regression) where we regress realized volatility 

against IV and HV. Linear regression provides a mean to estimate the dependence of one 

variable with respect to one or more other variables. We treat IV and HV as the independent 

variables, and RV as the dependent variable. As such, the multiple regression equation of RV 

can be written as:  

𝑦 = 𝛽! + 𝛽!𝑥! + 𝛽!𝑥!   (6) 

RV = β0 +β1IV +β2HV +ε   (7) 

The coefficient βi is the partial slope: it’s the change of RV corresponding to a one-unit 

change in xi when all other variables are held constant. Here, we are interested in seeing 

which of β1 or β2 is higher. In (2), we obtain more insight on the relationship between RV and 

the independent variables by forsaking ε.  

2.5.1. Testing for Significance:  

First, we test our model for overall significance using the F-test.  

H0 :β1 = β2 = 0  

Ha :  At least one parameter is not equal to zero. 

We obtain the following result on Excel:  

Table 1- P-values of IV and HV 
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  P-value 
Intercept 2,0393E-130 
IV 1,03876E-06 
HV 5,76684E-07 

Following the p-value approach, we conclude that since the p-values of IV and HV are less 

than 5% (95% level of confidence), we reject H0, and that at least one of our parameters is 

significant in this research. 

2.5.2.  Model Assumptions:  

2.5.2.1. Distribution Assumption:  

The stock market prices are normally distributed. To see this we plotted the bell curve using 

the normal distribution function (NORM.DIST in excel). This assumption is crucial not only 

for the regression model but also for the Black-Scholes Model where cumulative function of 

the returns must be normal.  

2.5.2.2. Homoscedasticity: 

The assumption of homoscedasticity refers to a constant level of variability, or variance, of a 

variable (here RV) across the range of data of variables that predict its movements (IV and 

HV).  

To get an idea of the homoscedasticity of RV, we should take a closer look at the residuals 

plot below: 

 

Figure 2- Residuals distribution of RV 

Since the residuals are uniformly distributed in a form of a band between +5% and -5%, it’s 

safe to assume our data presents a homoscedastic trend, and that the assumption is respected. 
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We can also take a look at the residuals of IV and HV (Figure 8 & Figure 9 Appendix C). 

Those plots also display homoscedasticity.  

2.5.2.3. Multicollinearity: 

The aim of the regression analysis is find out and measure a dependency relationship between 

the independent and the dependent variables. If it turns out there’s interdependency in the 

dataset, the accuracy and efficiency of the analysis is hindered [17]. To detect 

multicollinearity, we run the Durbin-Watson test for serial correlation on SPSS.  

After setting HV as the dependent variable, and IV as the independent variable, we run the 

Durbin-Watson test and look for the Variance Inflation Factor (VIF). If the VIF is below 

three, we most likely don’t have multicollinearity, if it’s above five, we probably do, and if 

it’s above ten we most certainly have multicollinearity. Our VIF is equal to one in this case, 

so it’s safe to assume our data shows independence of observations (Table 16 Appendix C).   
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CHAPTER 3: RESULTS AND INTERPRETATION 

 

In this chapter, we’ll discuss the results of multivariable regression. It’s important to note that 

volatility forecasts, especially IV, can be subject to measurement errors due to noise in the 

derivative market price. Using an average is necessary to come up with a reasonable option 

price estimate for the day.  

3.1. Descriptive Statistics of the Results: 

The tables 2, 3, and 4 show the summary statistics for each of the three maturity buckets:  

Table 2- Summary statistics for the 6 month maturities 

 
IVC HVC RVC IVP HVP RVP  

Mean 7,26% 6,10% 12,93% 14,10% 5,96% 13,91% 
Minimum 0,00% 2,437% 9,35% 0,00% 3,87% 10,86% 
Maximum 29,44% 9,94% 17,60% 22,95% 9,88% 18,36% 
Std Dev 11,15% 1,79% 1,74% 4,52% 1,55% 1,85% 

 

Table 3- Summary statistics for the 6 to 12 month maturities 

 
IVC HVC RVC IVP HVP RVP 

Mean 11,65% 7,18% 16,26% 18,10% 8,75% 14,93% 
Maximum 54,50% 22,57% 28,15% 31,98% 23,15% 27,00% 
Minimum 0,00% 2,65% 0,43% 0,00% 2,25% 0,43% 
Std Deviation 11,72% 4,34% 4,81% 8,28% 6,70% 3,55% 

 

Table 4- Summary statistics for maturities over 12 months 

 
IVC HVC RVC IVP HVP RVP 

Mean 7,48% 6,55% 14,51% 19,82% 10,28% 14,00% 
Minimum 0,00% 2,40% 9,35% 11,51% 5,45% 11,00% 
Maximum 34,81% 22,50% 28,07% 27,11% 20,41% 16,36% 
Std. Deviation 0,080172713 0,041236946 0,030578497 0,065084134 0,058591032 0,017945519 

 

What we can take from these tables is that overall, the highest maximum volatility and the 

lowest minimum volatility (i.e. the highest standard deviation) are obtained using Black 

Scholes’ implied volatility. As a result we can say that IV fluctuates more than HV and RV. 
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The expected IV spread, which we can see from the line fit plots, is higher than the norm 

(Figure 11).  

3.2. Regression Results: 

The volatility measures used in this regression are: 

• Realized volatility 

• Implied volatility 

• Historical volatility 

The results of the overall multivariate regression are reported in the Table 7 to Table 12.   

The key figures are the partial slope coefficients. The slope coefficient of IV in the overall 

regression represents roughly two fifths (40%) of the historical volatility slope coefficient. 

The fact that Black-Sholes implied volatility slope is closer to zero than the historical 

volatility’s reflects HV has a higher efficiency in predicting RV values. The only instance 

where IV has a higher coefficient is for put options. Since put options have fewer 

observations and less overall volatility, it’s fair to assume the regression model, under fewer 

observations, fails to determine the better predictor.   

Thus, the regression indicates that the model with the best explanatory power is the historical 

volatility model. It’s not a counterintuitive result, seeing as the HV line plot in Figure 10 

shows a spread smaller than IV line plots. 

The HV and IV line fit plot display a clear linear relationship between the predicted and 

realized volatilities. This is evidence that variations in realized volatility can be explained by 

both IV and HV.  

We note that although both partial slope coefficients are positive, they’re still less than one. 

We could chose to upsurge the results by taking a level of confidence lower than 95%, which 

would make the analysis more relevant (higher p-value, higher R-squared).  

3.3. Regression Equation: 

The regression equation given by the intercept and the coefficients:  

𝑅𝑉 = 0.1243+ 0.080𝐼𝑉 + 0.2051𝐻𝑉   (8) 
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The volatility forecasted by the regression equation gives the following trend:  

 

Figure 3 - Predicted Volatility vs. Realized Volatility 

The predicted volatility values, from what we can see, are faithful to the realized volatility 

values.  

To get an idea about the functional behaviour of HV and IV relative to RV, we plotted the 

following graphs: 

 

Figure 4 – IVC vs. HVC vs. RVC 
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Figure 5- IVP vs. HVP vs. RVP 

 

We notice that put options are more volatile than call options. This can easily be explained by 

the fact that the market for call options is overall more liquid. From the point of view of an 

investor interested in purchasing stocks, it’s more attractive, less risky, and cheaper to acquire 

a call option than the actual stock. For one, in case that the stock price goes down, the 

investor only loses the premium on the call option instead of the entire value of the stock. Put 

option holders, on the other hand, have more to lose if the stock price goes up because they’ll 

actually have to deliver the stock and sell it at a discount. 

  

0,00%	

5,00%	

10,00%	

15,00%	

20,00%	

25,00%	

30,00%	

35,00%	

03
/01
/17
	

03
/02
/17
	

03
/03
/17
	

03
/04
/17
	

03
/05
/17
	

03
/06
/17
	

03
/07
/17
	

03
/08
/17
	

03
/09
/17
	

03
/10
/17
	

03
/11
/17
	

03
/12
/17
	

Vo
la
%l
ity

	

Puts Volatility 

IV	Adjusted	

HV	

RV		



 

 

 

29 

CHAPTER 4: CONCLUSION AND FUTURE WORK 

 

In this chapter we’ll discuss why unadjusted, implicit implied volatility is not a good predictor 

of volatility on the CAC 40 index. We’ll also try to explain where the errors come from and 

which models traders in financial markets are currently relying on to predict stock returns, 

including the GARCH model and the Fundamental Analysis. 

4.1. Error Due to Market Microstructure: 

The Black Scholes implied volatility model relies on a few unrealistic ideal conditions in 

order to be efficient. Outside those conditions, it fails. For example, the ability to exercise the 

option before maturity is a key determinant of more profitable American-style options, and 

that feature isn’t comprised in the BSM. In addition to that, the majority of stocks today are 

paying, perhaps irregularly, dividends, so the dividend yield needs to be reflected in the 

equation as well. However the BSM can be adjusted for those two conditions. But in addition 

to that there are influences that can’t be quantified, or that we can’t adjust for like the 

existence of arbitrage opportunities in the market, i.e. market inefficiency, that happens 

whenever there’s information asymmetry between the market’s agents. Another major point 

that the BSM doesn’t account for is the high transaction fees of the derivatives market. These 

are signs of non-ideal trading environment. The trading setting and market efficiency are non-

controllable variables, so the forecasting power of the BSM will change depending on the 

underlying asset and the type of market. Logically, BSM will have the highest efficiency 

when the option is traded at-the-money, in an ideal trading setting. 

4.2. The Fundamental Analysis Theory:  

In “Fundamental Analysis and Option Returns”, Goodman, Neamtiu and Zhang suggest that 

one of the reasons why implied volatility isn’t efficient is that the derivative market for 

options doesn’t incorporate all the information about the stocks into the option prices. For 

one, the high transaction fees of the option market decrease the profitability of the investment 

and aren’t taken into account when computing the option value, which makes the option 

market less reliable than the stock market. Moreover, the authors claim that accounting data 
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and the firm’s cash flow projections contain information about stock returns that the option-

pricing model doesn’t account for [18]. To prove it, they study specifically at-the-money 

straddle contracts, i.e. contracts that contain both calls and puts whose intrinsic value is small 

at the time of trading. 

They find that by generating a fundamental signal they can derive information about future 

straddle returns, and that the resulting volatility from those returns complements historical 

and implied volatility. Using fundamental signals, they also come up with an optimal hedging 

strategy that includes transaction costs using straddles. The financial reporting techniques and 

corporate budgeting methods produce a group of variables that comprehend the volatility of 

the stocks.  

4.3. Stochastic Process Analysis: ARCH/GARCH 

The Autoregressive Conditional Heteroscdasticity (ARCH) model is a non-stationary time 

series model introduced by Engle in 1982 that relies on a conditional mean and the 

conditional variance of the series as a function of an explanatory variable [19]. The 

explanatory variable changes depending on the model, and could quantify any sort of the data 

the trader wants incorporated in his/model. In “Volatility Indices for the French Financial 

Market”, Crouhy and Rockinger explain the Generalized ARCH model with the following 

equations [20]:  

𝑥! = 𝑚! + 𝑦!     (9) 

𝑚! = 𝑓(𝑦!!! , 𝑧!!! ,𝜎!!!! , 𝑡; 𝑗 = 1… ,𝑎) (10) 

𝜎!! = 𝑔(𝑦!!! , 𝑧!!! ,𝜎!!!! , 𝑡; 𝑗 = 1… , 𝑏) (11) 

𝑦! = 𝜎!𝜖!     (12) 

 

In equation (9) indicates that the time series xt is split into mt the conditional mean and yt is 

the surprise factor. Equation (10) shows the conditional mean to be a function of past 

surprises (yt-j), the explanatory variable (zt-j), conditional variance (σ2) and time (t). Equation 

(11) shows that conditional variance function has the same inputs as the conditional mean. 

We notice that conditional volatility is a function of past volatility, so the results of the 
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GARCH, at least from a theoretical point of view, shouldn’t deviate much from the historical 

volatility [20], provided that literature shows the GARCH/ARCH consistently outperforms 

HV [1]. 

GARCH models differ based on the inputs of the conditional mean and variance. For instance 

the explanatory variable can take many values: trading volume, market sentiment, experience 

of the trader, psychology of the trader...etc. 

4.4. Explicit Implied Volatility:  

In “An Explicit Implied Volatility Formula”, Stefanica and Radoicic showed an explicit 

approximation of BS implied volatility. The authors claim that this way the percentage error 

decreases to less than 10%. They point out that the Newton-Raphson algorithm often fails 

when the vega function is too small (highly volatile, deep out-of-the-money options), and 

even when the option is at-the-money, the solver would take too much time to solve for 

millions of IVs simultaneously.   

Since explicit values for implied volatility derived from BS option values do not exist, 

Stefanica (2017) introduced an approximation of BS values for European options given by the 

following equations [21]:  

Capprox = S0e
−qT A(d1)−Ke

−rT A(d2 )    (13) 

Papprox = Ke
−rT A(−d2 )− S0e

−qT A(−d1)    (14) 

Such that:  

A(x) = 1
2
+
sign(x)
2

1− e
−2 x2

x      (15) 

Where:  

A(.) is the approximation for the cumulative density function; 

T: Time to maturity; 

K: Strike price; 

S0: Spot price of the underlying asset 
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r: risk free rate 

q: dividend yield 

The approximation of the implied volatility (with small arbitrage and any moneyness) is 

found by setting the no-arbitrage option market price equal to the approximate price: 

Cm =Capprox    (16) 

Pm = Papprox    (17) 

And it’s possible to solve (16) and (17) explicitly for σ =σ approx .  

4.5. Conclusion: 

Through this paper, we’ve examined the robustness and the extent to which historical 

volatility and implied volatility can predict realized volatility in the French Stock Market. 

Using a multivariable regression analysis, we proved that overall HV has more explanatory 

power than IV, and outperforms IV for all maturities under realistic conditions. Our findings 

are largely corroborated by literature.  

However, we did find many problems with our initial assumptions, which cause the error 

estimates to rise. First, even though the BSM was used under the intended “ideal conditions”, 

we cannot assume the formula is robust because of the market microstructure: arbitrage, bid-

ask spread, moneyness of the options, higher transaction costs of the derivatives market, low 

trading volumes or even bad trading environment. The low number of observations for put 

options also caused the error to increase, seeing as put options are significantly less liquid 

than calls.  

The models used today in sophisticated financial institutions are primarily adjusted 

GARCH/EGARCH models, coupled with historical data and fundamental analysis of firm 

stocks. Further research could be made in order to determine the efficiency of each 

explanatory variable added to the model. In addition to that, the frequency of data could be 

increase from daily observations to intra-daily observations. This kind of data however is hard 

to harvest, which is why only institutional investors interested in generating substantial 

returns from option trading can access it. Another way to increase the efficiency of IV would 
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be to solve the BSM explicitly by using an approximation of the cumulative function that has 

explicit roots.  
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APPENDICES:  

Appendix A: CAC 40 Information 

Table 5: Ratings of La Société Générale given by the Fitch, Moody’s and S&P 

 FitchRatings Moody’s Standard and Poor’s 

Long-Term/Short-
Term 
Counterparty 

A+ A1(cr)/P-1(cr) A/A-1 

Long-term senior 
unsecured debt 

A+ A2 A 

Outlook  Stable Stable Stable 

Short-term senior 
unsecured debt 

F1 P-1 A-1 

Long-term senior 
unsecured debt 
non preferred 

A Baa3 BBB+ 

Rating date 28/09/2017 17/03/2015  02/12/2015 

 

Table 6: Constituants of the CAC40 index 

S.No. Company Name Ticker (in Yahoo Finance) 
1 Accor SA AC.PA 
2 Air Liquide SA AI.PA 
3 Airbus Group SE AIR.PA 
4 ArclerMittal MT.PA 
5 Atos SE ATO.PA 
6 AXA CS.PA 
7 BNP Paribas SA BNP.PA 
8 Bouygues SA EN.PA 
9 Cap Gemini S.A. CAP.PA 

10 Carrefour SA CA.PA 
11 Michelin ML.PA 
12 Credit Agricole S.A. ACA.PA 
13 Danone BN.PA 
14 ENGIE SA ENGI.PA 
15 Essilor International SA EI.PA 
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16 Kering S.A. KER.PA 
17 LafargeHolcim Ltd LHN.PA 
18 Legrand SA LR.PA 
19 L'Oréal S.A. OR.PA 

20 
LVMH Moët Hennessy - Louis 

Vuitton SE MC.PA 
21 Nokia Corporation NOKIA.PA 
22 Orange S.A. ORA.PA 
23 Pernod Ricard RI.PA 
24 Peugeot S.A. UG.PA 
25 Publicis Groupe PUB.PA 
26 Renualt RNO.PA 
27 Safran SAF.PA 
28 Saint Gobain SGO.PA 
29 Sanofi SAN.PA 
30 Schneider Electric S.E. SU.PA 
31 Societe Generale Group GLE.PA 
32 Sodexo S.A. SW.PA 
33 Solvay SOLB.PA 
34 TechnipFMC FTI.PA 
35 TOTAL S.A. FP.PA 
36 Unibail-Rodamco UL.PA 
37 Valeo SA FR.PA 
38 Veolia Environnement S.A. VIE.PA 
39 VINCI SA DG.PA 
40 Vivendi SA VIV.PA 
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Appendix B: VBA Code 

 
Figure 6 – Variable declaration in VBA 

 

 
Figure 7 – BSValue and NR function in VBA  
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Appendix C:  Regression Results and Residuals 

Table 7 – ANOVA table all maturities confounded 

ANOVA 
      

  df SS MS F 
Significance 

F 
 Regression 2 0,066769777 0,033384888 29,21784187 1,36649E-12 
 Residual 411 0,469616789 0,00114262 

   Total 413 0,536386566       
 

       
  Coefficients 

Standard 
Error t Stat P-value Lower 95% Upper 95% 

Intercept 0,124322686 0,003421411 36,33667117 2,0393E-130 0,117597038 0,131048334 
IV Adjusted 0,080081081 0,016148721 4,958973446 1,03876E-06 0,048336688 0,111825474 
Annual HV  0,205107684 0,040383582 5,07898689 5,76684E-07 0,125723549 0,284491818 

 

 

Table 8: ANOVA table for call options 

 

Table 9 – ANOVA table for put options 

ANOVA 
      

  df SS MS F 
Significance 

F 
 Regression 2 0,019967403 0,009983701 14,52551904 3,82119E-06 
 Residual 84 0,057735005 0,000687321 

   Total 86 0,077702407       
 

       
  Coefficients 

Standard 
Error t Stat P-value Lower 95% Upper 95% 

Intercept 0,107606087 0,007538284 14,27461222 3,56096E-24 0,092615382 0,122596793 
IVP 0,173229924 0,039412203 4,395337265 3,21385E-05 0,094854436 0,251605412 

 
ANOVA 

      
  df SS MS F 

Significance 
F 

 Regression 2 0,055832201 0,027916101 22,46093625 7,32686E-10 
 Residual 324 0,402690988 0,001242873 

   Total 326 0,458523189       
 

         Coefficients Standard Error t Stat P-value Lower 95% Upper 95% 
Intercept 0,124673867 0,003975987 31,35671194 3,6837E-100 0,116851857 0,132495876 
IVC 0,086742762 0,019193716 4,519331198 8,70669E-06 0,048982718 0,124502805 
HVC 0,226722894 0,05030781 4,506713685 9,20802E-06 0,127751698 0,32569409 
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HVP 0,110532327 0,05232073 2,112591453 0,03760449 0,006486818 0,214577836 

 

Table 10- ANOVA table for less than 6 months maturities 

ANOVA 6M 
      

  df SS MS F 
Significance 

F 
 Regression 2 0,007889577 0,003944789 14,89217121 1,81752E-06 
 Residual 113 0,02993258 0,00026489 

   Total 115 0,037822158       
 

       
  Coefficients 

Standard 
Error t Stat P-value Lower 95% Upper 95% 

Intercept 0,114178942 0,006133516 18,61557824 3,25222E-36 0,102027341 0,126330543 
IV  0,081899344 0,015104079 5,422332997 3,37952E-07 0,05197544 0,111823247 

 HV  0,168148425 0,090375364 1,860555995 0,065406709 
-

0,010901471 0,347198321 

 

 

Table 11 - ANOVA table for maturities between 6 and 12 months 

ANOVA 6-12M 
     

  df SS MS F 
Significance 

F 
 Regression 2 0,022117735 0,011058868 5,182505636 0,006715787 
 Residual 143 0,305145459 0,002133884 

   Total 145 0,327263194       
 

       
  Coefficients 

Standard 
Error t Stat P-value Lower 95% Upper 95% 

Intercept 0,136467195 0,008034448 16,98525997 4,12027E-36 0,120585563 0,152348826 

IV 0,067947737 0,034507882 1,969049776 0,050880433 
-

0,000263724 0,136159197 
HV 0,165829326 0,073345737 2,260926573 0,025273248 0,02084738 0,310811272 

 

Table 12 – ANOVA table for maturities over 12 months 

ANOVA +12M 
     

  df SS MS F 
Significance 

F 
 Regression 2 0,019480052 0,009740026 12,48353948 1,12316E-05 
 Residual 127 0,09908915 0,00078023 

   Total 129 0,118569202       
 

       
  Coefficients 

Standard 
Error t Stat P-value Lower 95% Upper 95% 
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Intercept 0,123589598 0,004903981 25,20189059 2,95526E-51 0,113885504 0,133293692 

IV 0,048378146 0,029733638 1,627051043 0,106204872 
-

0,010459357 0,10721565 
HV  0,258222656 0,058930104 4,381846227 2,43943E-05 0,141610614 0,374834697 

 

 
Figure 8 – Residuals plot for IV 

 

 

 

Figure 9 – Residuals Plot for HV 
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Appendix D: Correlation Matrices 

Table 13 – Correlation Matrix for HV, IV and RV all maturities confounded 

  IV Adjusted HVC RVC   IVP HVP RVP 
IV  1 

  
IVP 1 

  HVC 0,092952653 1 
 

HVP 0,052446785 1 
 RVC 0,256810075 0,25768779 1 RVP 0,141784757 0,278698629 1 

 

Table 14 – Correlation Matrices for calls for each maturity bucket 

 
>6-months 

 
6<M<12 

  IVC HVC RVC   IVC HVC RVC 
IVC 1,000 

  
IVC 1,000 

  HVC -0,265 1,000 
 

HVC 0,100 1,000 
 RVC 0,457 0,009 1,000 RVC 0,167 0,206 1,000 

 
>12-months 

  IVC HVC  RVC 
IVC 1,000 

  HVC  0,131 1,000 
 RVC 0,218 0,415 1,000 

 

Table 15 - Correlation Matrices for puts for each maturity bucket 

 
>6-months 

 
6<M<12 

  IVP HVP RVP   IVP HVP RVP 
IVP 1 

  
IVP 1 

  HVP -0,009221575 1 
 

HVP 0,13134406 1 
 RVP 0,062630267 0,238247768 1 RVP 0,527698884 0,3266071 1 

 
>12-months 

  IVP HVP RVP 
IVP 1 

  HVP -0,060553309 1 
 RVP 0,207738596 -0,079227059 1 
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Table 16 – Multicollinearity test on SPSS 

 

 

Figure 10 – HV Line Fit Plot 

 

Figure 11 – IV Line Fit Plot  
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Appendix E: Initial Specifications 

ARIDAL Yasmine 
EMS 

REGRESSION ANALYSIS OF VOLATILITY FORECASTING MODELS 
LAAYOUNI Lahcen 

SPRING 2018 
 

In this capstone we will analyze two instruments of producing volatility 
estimates with evidence based on the French Stock Market 

using the CAC 40 index. 
 

Using a regression analysis, we’ll be able to examine which of  
implied volatility or historical volatility forecasts is a better predictor of 

realized volatility. In other words, the goal of the regression is to test  
whether index volatility forecasts in option prices are better at estimating 

actual index volatility than historical volatility values. 
 

We will use the standard Black-Scholes equation formula for pricing  
options in order to simulate implied volatility. The chosen simulation 

software is VBA, but we’ll also use Microsoft Excel and SPSS 
in the process. We selected the daily closing prices of the CAC 40 index, and 

the sample covers the period of time from January 4th, 2016 to  
March 17th 2017. 

  
 

 


