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This thesis investigates the determinants of the implied volatility function (IVF) within
the Euro Stoxx 50 index option market. While the Black-Scholes model remains an
industry standard for option pricing, empirical evidence consistently highlights its failure
to account for the variance of implied volatility across different strike prices, a phenomenon
known as the volatility smile or smirk. The objective of this study is to examine how
market momentum, historical volatility, and trading volumes affect the daily variations

in the IVF.

The empirical analysis was conducted using a two-stage framework with daily data span-
ning from January 2016 to December 2025, strictly limited to options with a constant
30-day maturity. In the first stage, the daily IVF was modeled using a quadratic polyno-
mial to extract the specific coefficients for its level, slope, and curvature. In the second
stage, the variations in these coefficients were analyzed against the explanatory variables

using time-series OLS regressions with Newey-West robust standard errors.

The empirical findings demonstrate that downward market momentum and historical
volatility are the most significant drivers of the IVF. Both variables exhibit a strong pos-
itive correlation with the overall level of the IVF, and a significant negative correlation
with its slope and curvature. Economically, these results provide robust evidence for
asymmetric hedging demands and the "crash-phobia" phenomenon. As market uncer-
tainty or downward momentum increases, investors disproportionately bid up the prices
of out-of-the-money (OTM) put options to insure their portfolios against sudden down-
turns, effectively steepening the downward slope of the smirk. The thesis confirms that

macroeconomic variables systematically shape option pricing and market dynamics.
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Téama tutkielma tarkastelee implisiittisen volatiliteettifunktion (IVF) selittédvid muuttujia
Euro Stoxx 50 -indeksin optiomarkkinoilla. Vaikka Black-Scholes-malli on edelleen op-
tioiden hinnoittelun yleinen standardi, empiirinen néytto korostaa toistuvasti sen kykeneméat-
tomyytta selittda implisiittisen volatiliteetin vaihtelua eri toteutushinnoilla, miké on ilmio,
joka tunnetaan volatiliteettihymyné tai -vinoumana. Tamén tutkimuksen tavoitteena on
tarkastella, kuinka markkinamomentum, historiallinen volatiliteetti ja kaupankayntivolyymit

vaikuttavat IVF:n paivittaisiin vaihteluihin.

Empiirinen analyysi toteutettiin kaksivaiheisella menetelmalla kdyttiden paivittédistd dataa
tammikuusta 2016 joulukuuhun 2025, rajaten tarkastelun tiukasti optioihin, joilla on 30:n
paivan maturiteetti. Ensimmaéaisessa vaiheessa paivittdinen IVF mallinnettiin toisen as-
teen polynomilla sen tason, kaltevuuden ja kaarevuuden kertoimien eristamiseksi. Toisessa
vaiheessa naiden kertoimien vaihteluita analysoitiin suhteessa selittédviin muuttujiin kayt-

tamaélla aikasarjojen OLS-regressioita ja Newey-Westin robusteja keskivirheita.

Empiiriset tulokset osoittavat, ettd negatiivinen markkinamomentum ja historiallinen
volatiliteetti ovat IVF:n merkittdvimmaét ajurit. Molemmat muuttujat korreloivat voi-
makkaan positiivisesti IVF:n yleisen tason kanssa sekd merkittavin negatiivisesti sen kal-
tevuuden ja kaarevuuden kanssa. Taloudellisesti ndmé tulokset tarjoavat vankkaa néayt-
tod epasymmetrisestd suojautumiskysynnésta ja niin sanotusta romahduspelko-ilmiosta
(crash-phobia). Markkinoiden epévarmuuden tai negatiivisen momentumin kasvaessa si-
joittajat nostavat suhteettomasti out-of-the-money (OTM) -myyntioptioiden hintoja suo-
jatakseen salkkujaan akillisiltd kurssilaskuilta, mikd kiytdnnossd jyrkentdd vinouman
alaspéin laskevaa kaltevuutta. Tutkielma vahvistaa, ettd makrotaloudelliset muuttujat

muokkaavat jarjestelméllisesti optioiden hinnoittelua ja markkinadynamiikkaa.

Avainsanat: Implisiittinen volatiliteettifunktio, Implisiittinen volatiliteettipinta, Black-

Scholes-malli
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1 Introduction

The Black-Scholes model (1973) laid a foundation for modern option pricing theory re-
garding European options. Since its introduction empirical evidence has found deficien-
cies in the model, most notable being the variance of implied volatility across different
strike prices. This causes the so called "volatility smile" or "volatility smirk", which will
be explained more thoroughly in later sections. Academic research has produced more
sophisticated option pricing models, which are able to work around the flaws of the Black-
Scholes model. Despite its deficiencies and existence of newer models the Black-Scholes
model continues to act as an industry standard. Option prices are often quoted using
implied volatilities provided by the Black-Scholes model (Daglish, Hull and Suo 2007).
This gives relevance to the implied volatility function (IVF), which describes the level of

implied volatility at different strike prices of a European option.

The flaws of the Black-Scholes model have been approached from multiple perspectives.
Hull and White (1987) introduced the concept of stochastic volatility to option pricing.
One of the inadequacies of the Black-Scholes model is the assumption of constant volatility
in the underlying asset. Instead of a constant volatility, Hull and White assume that the
volatility of the underlying asset also obeys a stochastic process independent of the asset

price.

Stochastic volatility has been implemented to multiple option pricing models. Perhaps
the most notable implementation of stochastic volatility is the Heston model. Heston
(1993) provides a closed-form solution for a European option when the implied volatility
and price of the underlying asset are correlated. Prior to this, models were forced to either
use numerical methods or assume zero correlation. This allows the model to also account

for the volatility skew.

Instead of diving deeper into the flaws of Black-Scholes model and focusing on alternative
pricing models, this study aims to focus directly on the IVF and its determinants. This
is a less researched topic compared to the previously mentioned ones, but still important
given the frequent use of the Black-Scholes model and implied volatility surfaces. It can be
characterized as a reduced-form approach that utilizes Black-Scholes due to its position as
a simple industry standard. Focusing on the IVF allows for a simple approach to studying

how economic variables affect the European option market.

1.1 Research question

This study aims to answer how market momentum, historical volatility, and market activ-

ity affect the form of the IVF of index options. By addressing this question, the study



aims to approach the deficiencies of the Black-Scholes model in a less common way and
contribute to how the IVF is interpreted. The research question is answered through
empirical evidence from the Euro Stoxx 50 index option market. The empirical evidence
is formed through first finding the form that best explains the IVF and then testing how

the chosen determinants explain each coefficient of the form.

This sort of methodology was first introduced in acadmic literature by Pena, Rubio and
Serna (1999), who examined the options of the Spanish IBEX-35. Since then similar
empirical analysis has been conducted in other equity markets, which will be covered
more closely in section 2.4. This study draws strong inspiration from Pena et al. and will

act as a continuation to prior empirical evidence.

1.2 Structure

This thesis is organized in the following manner. Chapter 2 introduces the most rel-
evant theory regarding the research question. This begins with an explanation of the
Black-Scholes model and its assumptions that ultimately lead to the emergence of the
volatility smirk. This allows the examination of the IVF and the theoretical explanations
for the volatility smirk. This will include prior empirical evidence on this topic. Chapter
3 describes the data and methodology used to conduct empirical analysis. It explains
what the data consists of and the statistical tests used to determine the significance of
economic variables as determinants for the IVF. Chapter 4 covers the results produced
by the empirical analysis. It describes how the chosen variables affect the IVF. Chapter 5
summarizes the findings, compares them to theory and prior research and suggests topics

for future research accordingly.



2 Theory

This section provides a theoretical framework that is closely tied to the empirical analysis
in chapter 3. The chapter first explains the Black-Scholes model along with its assump-
tions. The Black-Scholes model allows examination of the IVF which is combined with

theoretical explanations for the volatility smirk and prior empirical evidence.

2.1 Black-Scholes model

Originally Black-Scholes model was introduced for pricing stock options, but since then it
has been applied to options for other asset classes, such as index options. The idea behind
Black-Scholes model relies on setting up a riskless portfolio consisting of a position in both
the option and its underlying asset. To remain risk-free the portfolio must be rebalanced
constantly. (Black and Scholes 1973.) In a market where arbitrages don’t exist the return
of the portfolio must be the risk free rate, » (Hull 2021, 352).

2.1.1 Assumptions in the Black-Scholes model

The Black-Scholes model assumes ideal market conditions. The assumptions used in the
Black-Scholes model are the following (Black and Scholes 1973):

1. The short-term interest rate, r is known and remains constant through time.

2. The price of the underlying asset follows a random walk with a lognormal probability

distribution, where the volatility remains constant through time.
3. The underlying asset doesn’t pay dividends or other distributions.
4. The option is a European option.
5. There are no transaction costs for the option or the underlying asset.

6. The option and the underlying asset are divisible, meaning it is possible to buy, sell

or borrow any fraction of them.
7. Short selling is permitted with full use of proceeds.

In practice, many of the assumptions are frequently violated. Section 2.3 covers how the
assumptions of the Black-Scholes model lead to variance in implied volatility across strike

prices.
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2.1.2 The Black-Scholes formula

The price of a European call or put option can be derived using the Black-Scholes model,

which provides the following equations:
c = SyN(dy) — Ke ™' N(dy),
and
p=Ke "'N(—dy) — SoN(—dy),

where

& — In(Sy/K) + (r +02/2)T
1= T ;
d — In(So/K) + (r —o°/2)T P—

oVT

¢ is the price of a European call option, p is the price of a European put option, Sy is
the current spot price of the underlying asset, K is the strike price of the option, r is the
continuously compounded risk-free interest rate, T is the time to maturity in years, and

N(-) is the cumulative standard normal distribution function. (Black and Scholes 1973.)

2.2 Implied volatility function

The IVF relates an option’s implied volatility to its strike price, K, and time to ma-
turity, 7. While the standard Black-Scholes model assumes that volatility is a constant
parameter, empirical evidence shows that implied volatility varies systematically across
different degrees of moneyness. This phenomenon is often referred to the volatility smile
due to its parabolic shape, which was common before the 1987 crash. More recent evid-
ence suggests the shape of the IVF is more of a sneer or a smirk than a smile. (Dumas,
Fleming and Whaley 1998.)

In practice, the Black-Scholes model is often used to determine the implied volatility.
The implied volatility can be derived from both put and call options using the Black-
Scholes. The Black-Scholes equation cannot be rearranged to calculate implied volatility

analytically, but it can be derived using numerical methods. (Hull 2021, 363.)

One example of a numerical method that can be used to calculate an implied volatility
using an option price is the Newton-Raphson method, a common method used for solving

nonlinear systems of equations. If the price of either a call or a put option, w € {c,p},
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in the Black-Scholes formula is expressed as a function f(So, K,r,T,c*), the implied

volatility o* can be straddled using the Newton-Raphson method:

flon) —w

n

where o, is the nth estimate of ¢*, and f’ is the first derivative of f(o) with respect to
0. (Manaster and Koehler 1982.)

The implied volatility can also be approximated analytically. Corrado and Miller (1996)

presented an analytical approximation for implied volatility using the following formula:

V2m So— X So—X\* (So—X)2\ 1
o= c— + c— — ,
So+ X 2 2 7r VT

where X = Ke™". The accuracy of this approximation depends on the strike price and
maturity of the option and is most accurate when using at-the-money (ATM) options

with more than three months to maturity.

The time to maturity aspect won’t be covered in this study, since the empirical analysis
will only be limited to the IVF derived from options with 30 days to maturity. In turn
the moneyness of an option receives more focus as it is the only variable used in the IVF
in this study. The moneyness of an option is determined by the current market price
of the underlying asset and the strike price for that specific option. To account for the
time value of money, moneyness is often defined relative to the forward price, F', of the

underlying asset, rather than current spot price, Sy:

m= —,

F

where m is moneyness, K is the strike price and F' = Spe"~ 97

Put-call parity is a relationship that exists between European put and call options with
the same underlying asset, strike price and maturity. Like the Black-Scholes model, put-
call parity also relies on the assumption that arbitrages don’t exist. The put call-parity
can be demonstrated with two portfolios that create the same cash flows in all scenarios.

With the help of put-call-parity the following conclusion can be made:

CBS — Cmkt = PBS — Pmkt,

where the subscripts B.S and mkt denote prices derived from the Black-Scholes model
and the actual observed market prices. This means the pricing error by the Black-Scholes

model is the same for both put and call options with the same maturity, strike price, and
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underlying asset is the same if arbitrages don’t exist, which also means the implied volat-
ility is the same. The put-call-parity doesn’t require assumptions about the probability
distribution of the underlying assets future price. (Hull 2021, 453-454.)

The put-call parity is especially important in the empirical analysis as it implies that
European put and call options with identical parameters result in the same implied volat-
ility. This allows the examination of only one IVF, since put and call options lead to
approximately the same IVF. It is also important to recognize that put call parity doesn’t
hold perfectly even in arbitrage free markets due to factors such as transaction costs,

bid-ask spreads, and differences between borrowing and lending rates.

2.3 Theoretical explanations for volatility smirk

The form of the IVF can be approached from two perspectives which are both extens-
ively researched areas: the probability distribution of the underlying asset and market
dynamics. In this study the probability distribution is divided into three more subtop-
ics: the non-normal distribution of stock returns, stochastic volatility, and leverage effect.
These perspectives together create a simple theoretical framework for the failure of the

Black-Scholes model and why the IVF usually takes the form of either a smile or a smirk.
2.3.1 Non-normal distribution of stock returns

The Black-Scholes model assumes the normal distribution of returns however, empirical
evidence suggests stock returns do not follow a normal distribution. According to early
evidence of Fama (1965) the probability distribution of American stock returns tend
to have fatter tails than the normal distribution, meaning extreme outcomes are more

probable.

This non-normal distribution of stock returns has been further supported by more re-
cent evidence by Cont. This evidence also suggests that in addition to the probability
distribution of intraday S&P500 index returns having fat tails, the distribution is not
symmetrical, and large downward movements are more common than equivalent upward
movements. In addition to normal distribution, the returns of stock market have been
proposed to follow stable distributions, the Student distribution, hyperbolic distributions,
normal inverse Gaussian distributions, and exponentially truncated stable distributions.
(Cont 2001.)

The fat tails of the probability distribution of stock returns shifts more probability mass
to extreme outcomes. This causes the Black-Scholes model to overprice options close to

100 % moneyness and underprice options further from it. Extreme outcomes are more
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likely than the Black-Scholes model assumes making the probability that a deep out of

money option will be exercised more likely.
2.3.2 Stochastic volatility

As mentioned in the section 2.1.1 the Black-Scholes model assumes a constant volatility
of the underlying asset until maturity. When volatility is stochastic the Black-Scholes
model tends to over price ATM options and underprice deep out-of-the-money (OTM)
and in-the-money (ITM) options. (Hull and White 1987.)

While stochastic volatility has been a major topic in development of modern option pricing
models, it may not be the most relevant factor when examining options with shorter
maturities. Stochastic volatility is more relevant in options with long maturity, while
sudden price jumps are more relevant when pricing options with shorter maturities (Bates
2000). Options with short maturities are more dictated by short term volatility, while

long maturities leave time for unexpected changes in volatility.
2.3.3 Leverage effect

Another explanation for the downward slope of the IVF is leverage effect, which refers to
the negative correlation between the returns of a stock and its volatility. When the value
of equity decreases the proportion of leverage in firm’s value is increased. This causes the

volatility of equity to increase in the process. (Christie 1982.)

The concept of leverage effect is consistent with the empirically proven downward slope
of the IVF, but the magnitude of it is limited if all else is expected to remain constant.

Steep downward slopes need further explanations to fully explain the form of the IVF.
2.3.4 Crash-phobia

The market crash of October 1987 was a turning point for the Black-Scholes model.
Leading up to the crash the Black-Scholes model was more accurate in pricing options.
Post-crash the Black-Scholes model started to underprice OTM puts more strongly. This
was possibly due to a change in market dynamics, where market participants started to

value OTM put options more in the fear of similar market crashes. (Rubinstein 1994.)

The Black-Scholes model fails to capture the market dynamics, since it doesn’t take into
account the risk preferences of investors. The Black-Scholes model prices options only

based on expected values, while markets price options based on supply and demand.

Examinations of the performance of option pricing models utilizing stochastic volatility
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reveal they offer only a partial explanation to the volatility smirk (Bakshi, Cao and Chen
1997). The downward slope of the IVF can be partially explained through net buying
pressure of OTM put options. OTM put stock index options face a lot of demand due
to their ability to hedge away portfolio risk (Bollen and Whaley 2004). This fact is
supported by the absence of similar demand for OTM put options for individual stocks
(Bakshi, Kapadia and Madan 2003) (Bollen and Whaley 2004).

The higher price caused by the net buying pressure is due to the market makers’” inability
to hedge risk perfectly. Higher demand increases the option price by an amount pro-
portional to the variance of the unhedgeable part. (Gérleanu, Pedersen and Poteshman
2009.)

2.4 Prior empirical evidence

The most notable prior empirical evidence for this study is provided by Pena, Rubio and
Serna (1999), who studied options of the Spanish equity index IBEX-35. Similar empirical
analysis has also been replicated by Beber (2001) on the Italian equity index Mib30 and
Tanha and Dempsey (2015) on the Australian equity index ASX SPI 200. All studies
focus on the determinants of the IVF using slightly varying methods to examine the
determinants of the implied volatility function, but the results of the empirical analysis

differ significantly.

Previous empirical analysis has utilized a form for the IVF that includes a level, a slope,
and a curve. Pena (1999) fitted daily IVF’s over a more than two year period and found

the following quadratic function to be the most suitable:
0:b0—|—b1X—|—b2X2+€,

where o is the implied volatility and X is the degree of moneyness. The same form has
also been utilized by Beber (2001) and Tanha and Dempsey (2015). This form contains

three components: level (by), slope (b;X), and curvature (byX?).

Prior evidence suggests weak market momentum increases the overall level of the IVF and
could slightly increase the curvature of the IVF (Pena et al. 1999). This suggests there
could be demand for both hedging further downward movements in the market with OTM
put options and speculating on a change of direction with OTM call options, increasing
both ends of the IVF.

Similarly the historical volatility plays a determining role in the IVF. Intuitively historical
volatility leads to a over all level on the IVF, but Pena et al. (1999) also found intraday

volatility to be correlated with a lower degree of curvature. In turn Beber (2001) found
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that historical volatility causes asymmetry in the IVF.

The volume of options traded has been shown to correlate negatively with the slope of
the IVF (Pena et al. 1999). This suggests higher trading volumes lead to an increased
demand for hedging possible market crashes through OTM put options.

The bid-ask spread of index options has been shown to increase the curvature of the IVF
significantly (Pena et al. 1999). A higher bid-ask spread could be accentuated at deep

OTM or ITM moneyness levels increasing the price.

The time to maturity on index options has been the most dominant determinant of the
IVF across all studies in different market, including Spain (Pena et al. 1999), Italy (Beber
2001), and Australia (Tanha and Dempsey 2015). Shorter maturities tend to lead to a
higher curvature most likely caused by higher sensitivity to near-term jump risk (Pena
et al. 1999). In turn, options with longer maturities are more dictated by long term
development of the underlying asset and not sudden price jumps. The role of maturity in
the IVF won’t be covered in the empirical analysis of this study where time to maturity

is strictly limited to approximately 30 days.

The so called Monday effect has been studied extensively. French (1980) introduced it by
concluding that stock returns were on average lower during Mondays. Later on French
and Roll (1986) further concluded that volatility does not scale linearly with calendar
time, and return variance was much larger during trading hours. This topic is important
since whether volatility from weekend carries over to Monday could affect the IVF. Prior
empirical evidence suggests the form of the IVF is different on Mondays. On average the

IVF has a lower curvature on Mondays. (Pena et al. 1999.)

Prior empirical evidence is conflicting around the determinants of the IVF proving further

empirical research is relevant in this topic.
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3 Data and methodology

The data set used for empirical analysis spans from January 1st 2016 to December 31st
2025. The data includes values only from trading days, and days with no values were
removed from the data set. All data is collected from Bloomberg. It is important to
note that the implied volatilities are derived from index options and are limited to the
Euro Stoxx 50 equity price index, which may not be representative of other asset classes.
Prior reserach suggests that the shape of the IVF significantly differs between stock index
options and individual stock options (Bollen and Whaley 2004).

3.1 Implied volatility data

This study utilizes Euro Stoxx 50 price index implied volatilities provided by Bloomberg.
The implied volatilities are from 9 different levels of moneyness: 80 %, 90 %, 95 %, 97.5
%, 100 %, 102.5 %, 105 %, 110 %, and 120 %. These levels capture the most liquid
part of the IVF, but do not account for extreme deep OTM and deep I'TM. The implied
volatilities are limited to options with 30 days to maturity. The implied volatilities are
calculated by Bloomberg using their LIVE equity engine available for stocks and equity
indexes, which uses various methodologies for estimating the implied volatility at certain
moneyness levels. The implied volatility time series consists of end-of-the day volatility

levels, which are multiplied by one hundred for the empirical analysis.

3.2 Explanatory variables

The empirical analysis includes four explanatory variables: market momentum, historical
volatility, trading volume of the index, and trading volume of Furo Stoxx 50 price index
options. These variables are not expected to explain the IVF fully since the financial

markets are rarely this simple.

Market momentum (M KT;) is measured as the logarithmic ratio of the 60 trading day

moving average of Euro Stoxx 50 price index relative to its current level.

MKT; =1n | 8052126072
t n ( Pt )

where P is the Euro Stoxx 50 price index, and ¢ is current date. This variable captures
whether the price index is above or below the 60 day moving average and the magnitude
of that difference.

Historical volatility (SIGM A) is calculated using an annualized 20 trading day standard
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deviation of the Euro Stoxx 50 price index, using a one day lag. Similar to the implied

volatility data the historical volatility is multiplied by one hundred.

N

1 _
SIGMA, = v/252 x jvjiz;uai—Ryx1m,

where NN is the size of the rolling window: N = 20, R is the daily logarithmic return:

R = ln(Pfjl), and P; is the Euro Stoxx 50 price index.

The daily trading volume of the Euro Stoxx 50 index (VM KT, 1) is used to capture the
over all activity of the stock market. The trading volume is the value of all trades of the
stocks in euros included in the Euro Stoxx 50 index on current day. Similar to historical
volatility, this variable includes a one day lag. The variable is used as a proxy for general

market liquidity and activity.

The volume of option contracts traded (VOPT;_4) is used to capture the liquidity of the
option market. Volume is measured as the logarithm of the number of options traded
during the day. The logarithmic conversion is used to mitigate extreme outliers. This
variable also includes a one day lag. The variable represents the trading activity and

demand within the option market specifically.

3.3 Determining the right form for the IVF

The first stage of tests focuses on finding the correct structural form for the IVF. For this
stage the IVF is fitted to the following models:

Model 1: 0 =0by+¢

Model 2: 0 =by + b X + €

Model 3 : 0 = by + biU + by D* + ¢
Model 4 : 0 = by + b1U + by X? + ¢
Model 5 : 0 = by + byU + by X2 + b3D + ¢
Model 6 : 0 = by + b X + by(X — 1) + ¢

where X is the degree of moneyness, U is a variable defined as U; = X, if X; <1 and 0
otherwise, used to capture potential asymmetries on the left side of the volatility function,
and D is a variable defined as D; = X; if X; > 1 and 0 otherwise, used to capture potential
asymmetries on the right side of the volatility function. It is important to note that model
6 can also be rearranged to o = (by + b2) + (b1 — 2b2) X + b X + €. This is very similar to
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the form used by Pena et al. (1999), 0 = by + b1 X + bo X + €. These two forms result in

the same R? in the first two tests that will be covered next.

To account for the possibility of any logarithmic forms, the IVF is additionally fitted
through the following models:

Model 7: 0 = by + by In(X) + €

Model 8 : 0 = by + by In(X) + by(In(X))* + ¢

Model 9 : 0 = by + biU + by(In(X))? + €
Model 10 : o = by + byU + by(In(X))? + b3D + ¢

Two tests are completed on each of these models. The first test fits the model into a
regression model for every day over the sample period. The models are ranked in this test

according to average adjusted R? between each daily regression.

The second test combines all implied volatilities to a single OLS regression model. This
enables the examination of the statistical significance of each model. For this test the null
hypothesis (Hp) for each model is that all coefficient are equal to zero. In addition this
test provides R? and AIC derived from the pooled regression, giving further insight to
the applicability of each model.

The IVF form used in the second stage of tests is the model with the highest R? in the
first stage assuming the p-value of the model is below a significance level of 0.05 in the
pooled regression. Determining a standard form for the IVF enables the second stage of
tests, which includes testing explanatory variables for coefficients included in the standard

from.

3.4 Determinig how explanatory variables affect the shape of IVF

The second stage of tests focuses on the determinants of the IVF.

The effects of week day on the coefficients of the IVF are tested separately. This test
utilizes coefficients (b;;) derived in the first stage and dummy-variables for each week day.
The test determines whether any of the week day variables need to be incorporated in the

latter tests. The following regression is ran for each coefficient (b;) separately:
bit = PmoMON; + 51y TUE; + fweWED; + SruTHU; + BprFRI; + €,

where MONp, TUE;, WED,, THU,, and FRI; are dummy variables for each weekday.

Additionaly two Wald tests are employed for each coefficient, with two null hypotheses.
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First null hypothesis states that all weekday coefficients are equal to each other: fByio =

Bru = Pwe = Pra = Brr. The second null hypothesis focuses on the Monday effect
specifically stating: Svo = (fru + Swe + St + Brr) /4.

The determinants of the implied volatility function will be tested in a single regression
model that is run for each coefficient (b;;) separately similar to the test regarding week

days. The regression model is the following:

bit = Bo + PIMKT; + BoSIGMA;_1 + B3VMKT, 1 + 8,VOPT;_1 + ¢, (1)

where M KT;, SIGMA;,_1, VMKT,_1, and VOPT,_; are as covered in section 3.2.

This model may include dummy variables for weekdays depending on the results of the

test on weekdays.

The statistical null hypothesis (Hy) for each independent variable in the second stage of
tests is that the coefficient is equal to zero, which implies that the specific variable has no
effect on the coefficient in question. The standard errors for this test are reported using
the Newey-West approach, introduced by Newey and West (1987), which is a heteroske-
dasticity and autocorrelation consistent (HAC) approach. The optimal number of lags

chosen for the Newey-West estimator is chosen as 5, corresponding to a full trading week.

To avoid false conclusions of causality, the stationarity of each variable is ensured. This is
performed with an Augmented Dickey-Fuller (ADF) unit-root test. The test is completed
on both coefficients characterizing the IVF and explanatory variables. The ADF is a
statistical test, in which the null hypothesis (Hy) assumes that the tested time series
contains a unit root, which suggests it is not stationary (Brooks 2019, 288). In case an

explanatory variable is non-stationary, a differentiation is needed to achieve stationarity.

The robustness of the results is tested by dividing the data into two equally long periods:
period 1 and period 2. The explanatory variables for each coefficient (b;) are tested
separately for each period using the same OLS regression. The resulting coefficient (/3;,)
from both periods are compared to determine whether the results are consistent across

periods.
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Figure 1: Average smile: STOXX50

4 Results

4.1 The correct form for IVF

Figure 1 presents visualizations of the IVF from the data set. It can be noticed that on
average the IVF takes the form of a sneer, where there is a parabolic shape, but also a
downward slope, as prior empirical evidence suggests. Additionally it can be noted that
approximately the same form appears even in extreme situations, the lowest and highest
volatility days in the ten year period, with the exception that during the highest volatility

day the downward slope continues through the whole x-axis.

Table 1 presents the average adjusted R? for each model presented in section 3.3 starting
from the highest value provided by the first test, the daily regression test. These values are
derived from daily OLS regressions conducted over over the sample period, as introduced
in section 3.3. The ten year data set consists of 2547 data points. The results reveal
that model 6 has the highest explanatory power, with an average adjusted R? of 0.9757,
suggesting model 6 best explains the form of the IVF.

Table 2 presents the results of the pooled regression test. The p-value for each model,
except model 1, is below 0.001, making them statistically significant. These values support

the daily regression test, since model 6 has again the highest adjusted R?. Furthermore
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Table 1: Function form: daily regression

Model Average adjusted R?
Model 6 0.9757
Model 8 0.9621
Model 9 0.8447
Model 10 0.8439
Model 7 0.6765
Model 2 0.6073
Model 4 0.4625
Model 5 0.4091
Model 3 0.2044
Model 1 0.0000

Note: Values represent the mean adjusted R? from
daily cross-sectional regressions (N = 2547 days).

model 6 exhibits the lowest AIC of -63 921.14 providing further support for the model.

Table 2: Function form: pooled regression

Model  Adj. R? AIC F-statistic (p) Params

Model 6 0.5417  -63 921.14 < 0.001 3
Model 8 0.5357  -63 620.83 < 0.001 3
Model 10 04972  -61 794.78 < 0.001 4
Model 9 0.4866  -61 319.52 < 0.001 3
Model 7 0.4037  -57 887.40 < 0.001 2
Model 2 0.3689  -56 586.67 < 0.001 2
Model 5 0.3509  -55 940.59 < 0.001 4
Model 4 0.3325  -55 301.65 < 0.001 3
Model 3 0.2240  -51 848.18 < 0.001 3
Model 1 0.0000  -46 036.88 N/A 1

Note: Models are estimated using pooled OLS, where all data points are
pooled into one OLS regression

Model 6 is chosen for the next stage of testing, since it has the highest R? in both tests,
the daily regression and the pooled regression, and it is statistically significant. Model 6 is
also able to explain different components of the IVF well, since it is simple a combination

of a constant by, a slope by, and a curve b,.

Model 6 : & = by + bi.X + by(X — 1)2 + ¢

This result is in line with previous research by Pena et al. (1999). Model 8 containing

logarithmic features, resulted in also very similar results, with only slightly lower R? in
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Figure 2: Pooled regression: STOXX50

both tests.
Model 8 : 0 = by + by In(X) + by(In(X))* + ¢

This is expected considering how similar model 6 and 8 are, but the tests suggest no

logarithmic forms are needed.

Figure 2 visualizes the results of the pooled regression. Model 6 is presented with coeffi-
cients derived from the pooled regression. The individual data points show the consistency

of the pattern.

4.2 Explanatory variables of the IVF

Table 3 presents the results of the seasonality test. Each coefficient is very similar during
each week day suggesting week day doesn’t significantly affect the IVF. Only exception is
Friday which has a slightly higher degree of curvature. The p-value on the second Wald
test (p = 0.0830) is not quite enough to make the observation statistically significant at
the 5% level (p < 0.5). For other coefficients there doesn’t seem to be any week day

effects.

Since the day of the week doesn’t significantly affect the form of the IVF, week day

variables don’t need to be included in the final test as explanatory variables. These
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Table 3: Seasonality analysis of IVF parameters

Day of the week by (Level) b, (Slope) by (Curvature)
Monday 0.6689™*  -0.4952** 2.3769**
(0.007) (0.005) (0.030)
Tuesday 0.6685"*  -0.4954™ 23679
(0.007) (0.005) (0.030)
Wednesday 0.6684**  -0.4956™** 2.3627*
(0.007) (0.005) (0.031)
Thursday 0.6691**  -0.4961** 23747
(0.007) (0.005) (0.031)
Friday 0.6675**  -0.4953** 2.4154™
(0.007) (0.005) (0.032)
Wald Test (Monday vs Others)® 0.8740 0.8806 0.8278
Wald Test (Joint Equality)® 0.9955 0.9990 0.0830

Note: Standard errors in parentheses. Significance: *** p < 0.01.

¢ p-value for the test Ho : SByon = (Brue + Bwep + Bruv + Brrr) /4.
b p-value for the test Hy : Syon = Brue = Swep = Brav = BrrI-

results differ from previous empirical evidence (Pena et al. 1999), where Monday has a

lower degree of curvature compared to other week days.

Table 4: Augmented Dickey-Fuller test for stationarity

Variable ADF Statistic p-value

Level (bo) ~6.776TFF* 0.0000

Slope (b;) ~4.9414%%% 0.0000

Curvature (bs) -4.2795%H* 0.0005

MKT -6.7960%** 0.0000

SIGMA -5.0652%** 0.0000

VMKT, -6.1779%** 0.0000

VOPT, -8.0457%** 0.0000

Notes: The null hypothesis of the ADF test is that the series contains a unit root.
R p < 0.01

Table 4 presents the results of the ADF test. All variables are significant at the 1 % level
(p < 0.01). This allows the rejection of Hy meaning the variables don’t have a unit root,
and they are stationary. This means no differentiation is needed to achieve stationarity.

This also addresses the risk of spurious regression without differentiation.

Table 6 presents the results of the regression containing the determinants of the IVF.
According to these results all tested variables effect the form of the IVF in some way
at least at the 5% significance level. Out of four variables only the market momentum
(MKT) and historical volatility (SIGMA) seem to have the most explanatory power
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Table 5: Descriptive statistics of the explanatory variables

Variable Mean Median Min Max
MKT -0.0060 -0.0100 -0.1700 0.4100
SIGMA 16.16 14.17 4.79 79.64
VMKT,_y 157801 15.7718 8.9396 17.1152
VOPT;,_; 13.8035 13.7932 11.9658 15.3046

for the IVF, as their explanatory power for each coefficient is significant at the 1% level
(p < 0.01).

All explanatory variables correlated positively with the level of the IVF (by). Together
they reached an R? of 0.4723. The volume of options traded failed to reach statistical
significance of 5% level (p < 0.05) while all other explanatory variables were significant
at the 1% level (p < 0.01).

The effect of historical volatility is intuitive as past volatility can form future expectations,
and the effect of market momentum is aligned with the theory of leverage effect, which
according to volatility is supposed to decrease when the value of equity increases. This
result suggests weak market momentum results in higher implied volatility or creates more
demand for options across all strike prices. The effect of option trading volumes VOPT;
is small in this sample, but it could mean high trading volumes in options are more driven
by demand increasing the level of the IVF. The high trading volumes could indicate new
information in the market that additionally causes volatility. The effect of stock market

volume VM KT, 4 is small but statistically significant.

Table 6: Determinants of the implied volatility function

bo (Level) b, (Slope) by (Curvature)
Intercept -0.3871* 0.1551 3.8920%#*
(0.218) (0.175) (0.907)
MKT 0.7939%#*  -(0.4094*** -3.6916%**
(0.181) (0.114) (0.534)
SIGMA 0.6968***  _0.2904*** -1.9417%**
(0.086) (0.060) (0.350)
VMKT; 0.0423***  -0.0360*** 0.0552
(0.014) (0.011) (0.063)
VOPT, 0.0202* -0.0027 -0.1517**
(0.012) (0.009) (0.062)
Adjusted R? 0.4723 0.2253 0.2831
Observations 1,493 1,493 1,493

Newey-West standard errors are reported in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.01
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For slope (b1) the effect of each explanatory variable is the opposite, meaning all ex-
planatory variables have a negative correlation with the slope and are the causes of the
downward slope. All variables except the volume of options traded are significant at the
1% level (p < 0.01). Together the variables have an R? of 0.2253 over by, slightly lower
than for by.

The role of historical volatility is perhaps the most logical as past volatility could cause
crash-phobia where OTM put options have a high demand for hedging purposes. The role
of market momentum in determining the slope is less clear in prior empirical evidence,
but the results suggest downward market momentum increases the downward slope. This
could mean investors want to prevent further losses by hedging away downside creating

demand for OTM put options.

For the slope stock market trading volumes seem to have a small, but statistically sig-
nificant effect. The relationships between explanatory variables, level, and slope could
be interpreted in an alternative way: higher implied volatility (level) leads to a steeped
downward slope on the IVF, and therefore same variables that effect over all volatility,

also correlate with slope.

All tested variables, except stock market volume that didn’t reach statistical difference,
the relationship to the degree of curvature is negative. All other variables were significant
at least at the 5% level (p < 0.05), and market momentum and historical volatility were
significant at the 1% level (p < 0.01).

It seems that same factors that cause a steeper downward slope, decrease the degree
of curvature flattening the IVF. The results affecting degree of curvature don’t have a
clear explanation, suggesting the negative relationships are caused mostly by the higher

downward slope.

Many of the observations in this study have been made in prior empirical analysis. For
level similar effect of market momentum, historical volatility, and option trading volumes
has been documented earlier by Pena et al. (1999). Research by Beber (2001) also
supports the role of historical volatility. The effect of stock market volume on level hasn’t
been concluded in prior evidence. The effect of historical volatility on slope has been
observed prior to this by both Pena et al. (1999) and Beber (2001). Additionally Tanha

and Dempsey (2015) found market momentum to explain the downward slope partly.

Table 7 presents the results of the sub-period analysis. The dataset is divided around the
start of the year 2021. The sub-period analysis strongly supports the impact of market
momentum and historical volatility. There is some deviation between periods, but for

each coefficient the sign of R? is the same and magnitude is roughly the same. With these



26

Table 7: Robustness Check: Sub-period Stability Analysis

bo (Level) b1 (Slope) by (Curvature)
Full Per1 Per 2 Full Per1 Per 2 Full Per1 Per 2
Intercept -0.3871  -0.0738 -0.9002  0.1551 -0.1216 0.5872  3.8929 2.7630  2.5625
MKT 0.7939 0.7962 0.9668 -0.4094 -0.4178 -0.5426 -3.6916 -2.5119 -4.4506
SIGMA 0.6968  0.7817 0.4525 -0.2904 -0.3437 -0.1379 -1.9417 -1.9372 -2.2214
VMKT,_; 0.0423 0.0025 0.0795 -0.0360 0.0013 -0.0701  0.0552 -0.0139  0.1371
VOPT,_1 0.0202 0.0408 0.0191 -0.0027 -0.0236  0.0020 -0.1517 -0.0101 -0.1273

Note: Period 1 covers the sample up to 2020-12-30. Period 2 begins on 2021-01-04.

results it is more likely that those variables have a consistent effect on the IVF.

The previous observations about stock market and option market volumes are heavily

questioned by the sub-period analysis. In addition to the coefficients being close to zero,

the coefficients switch signs between periods for some coefficients. This limits the conclu-

sions we can make for trading volumes from the analysis, since the results do not seem to

be consistent across periods.
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5 Conclusions

This thesis studied the effects of four variables on the implied volatility function (IVF)
of the Euro Stoxx 50 price index: market momentum, historical volatility, stock trading
volume, and option trading volume. This was carried out utilizing a two-stage empirical
framework. First the general form of the IVF was tested with two regressions: a daily
OLS regression for each data point and a pooled OLS regression consisting of all data
points. These tests together resulted in a quadratic form that captures the IVF’s level,
slope and curvature. In the second stage the explanatory variables were tested on the
coefficients derived from the daily regression. This was done utilizing an OLS regression
and Newey-West standard errors. The robustness of the results was further tested with
a sub-period analysis, that provided information into whether results stayed consistent

across periods.

The results of the empirical evidence shows there is a clear relationship between the IVF
and the explanatory variables. Out of the four tested variables market momentum and
historical volatility seemed to be the most relevant ones. The effects of stock market
and option market volume were statistically significant in the initial test, but proved
to be less clear in the sub-period analysis due to variance in results between periods.
The empirical results suggest downward market momentum and historical volatility are
positively correlated with the level of the IVF and negatively correlated with the slope and
the curvature of the IVF. The empirical results also show that all variables that correlate
positively with the level of the IVF tend to correlate negatively with the slope and the
curvature of the IVF.

Economically, these findings provide strong support for the existence of a volatility sneer,
most likely caused by asymmetric hedging demands within the stock index option market.
This is supported by the strong explanatory power of historical volatility. Additionally
the strong explanatory power of market momentum shows crash-phobia is not just driven
by past volatility, but also downward market momentum. From a practical perspective,
understanding these dynamics is highly valuable for all market participants, as recogniz-
ing how economic variables systematically affect the IVF allows practitioners to better
anticipate market shifts and adjust their strategies. The findings illustrate that the volat-
ility smirk is not a static error in the Black-Scholes model, but a dynamic phenomenon

that can be approached from the perspective of economic factors affecting it.

Future research could expand the scope to include a more in-depth theoretical analysis
between the variables and different components of the IVF. This study alone is inadequate
for explaining whether the observed correlations are rooted in causality. The empirical

analysis in this study could also be continued with deeper statistical methods such as
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Granger causality tests, which have been utilized in prior empirical research. The rela-
tionships between level, slope and curvature could be examined more closely to give more
context to the received results. The used data could be expanded to include different
maturities, and more explanatory variables, such as bid-ask spreads of options or risk free

rate.



29

References

Bakshi, G., Cao, C. — Chen, Z. (1997) Empirical performance of alternative option pricing
models. The Journal of Finance, vol. 52 (5), 2003-2049.

Bakshi, G., Kapadia, N. — Madan, D. (2003) Stock return characteristics, skew laws, and
the differential pricing of individual equity options. The Review of Financial
Studies, vol. 16 (1), 101-143.

Bates, D. S. (2000) Post-"87 crash fears in the s&p 500 futures option market. Journal of
Econometrics, vol. 94 (1-2), 181-238.

Beber, A. (2001) Determinants of the implied volatility function on the italian stock
market. Tech Report 10, ALEA.

Black, F. — Scholes, M. (1973) The pricing of options and corporate liabilities. Journal of
Political Economy, vol. 81 (3), 637-654.

Bollen, N. P. B. — Whaley, R. E. (2004) Does net buying pressure affect the shape of
implied volatility functions? The Journal of Finance, vol. 59 (2), 715-754.

Brooks, C. (2019) Introductory Econometrics for Finance. Cambridge University Press,
4th edn.

Christie, A. A. (1982) The stochastic behavior of common stock variances: Value, leverage

and interest rates. Journal of Financial Economics, vol. 10 (4), 407-432.

Cont, R. (2001) Empirical properties of asset returns: stylized facts and statistical issues.
Quantitative Finance, vol. 1 (2), 223-236.

Corrado, C. J. — Miller, T. W. (1996) A note on a simple, accurate formula to compute
implied standard deviations. Journal of Banking & Finance, vol. 20 (3), 595—
603.

Daglish, T., Hull, J. — Suo, W. (2007) Volatility surfaces: theory, rules of thumb, and

empirical evidence. Quantitative Finance, vol. 7 (5), 507-524.

Dumas, B., Fleming, J. — Whaley, R. E. (1998) Implied volatility functions. The Journal
of Finance, vol. 53 (6), 2059-2106.

Fama, E. F. (1965) The behavior of stock-market prices. The Journal of Business,
vol. 38 (1), 34-105.



30

French, K. R. (1980) Stock returns and the weekend effect. Journal of Financial Econom-
ics, vol. 8 (1), 55—69.

French, K. R. — Roll, R. (1986) Stock return variances: The arrival of information and

the reaction of traders. Journal of Financial Economics, vol. 17 (1), 5-26.

Gérleanu, N., Pedersen, L. H. — Poteshman, A. M. (2009) Demand-based option pricing.
The Review of Financial Studies, vol. 22 (10), 4259-4299.

Heston, S. L. (1993) A closed-form solution for options with stochastic volatility with
applications to bond and currency options. The Review of Financial Studies,

vol. 6 (2), 327-343.

Hull, J. — White, A. (1987) The pricing of options on assets with stochastic volatilities.
The Journal of Finance, vol. 42 (2), 281-300.

Hull, J. C. (2021) Options, Futures, and Other Derivatives. Pearson, Harlow, England,
11th ed. edn.

Manaster, S. — Koehler, G. (1982) The calculation of implied variances from the black-
scholes model: A note. The Journal of Finance, vol. 37 (1), 227-230.

Newey, W. K. — West, K. D. (1987) A simple, positive semi-definite, heteroskedasticity
and autocorrelation consistent covariance matrix. Econometrica, vol. 55 (3),

703-708.

Pena, I., Rubio, G. — Serna, G. (1999) Why do we smile? on the determinants of the
implied volatility function. Journal of Banking & Finance, vol. 23 (8), 1151—
1179.

Rubinstein, M. (1994) Implied binomial trees. The Journal of Finance, vol. 49 (3), 771-
818.

Tanha, H. — Dempsey, M. (2015) Do aussie markets smile? implied volatility functions
and determinants. Applied Economics, vol. 47 (30), 3143-3163.



31

Appendix 1: Disclosing the use of Al

Generative Al has been used in the making of this thesis. The usage of Al is described
below. The usage of Al has been meticulous and followed the AI guidelines provided by
University of Turku.

Used Al model: Google Gemini 3.1 Pro

Operating phase: 1. source searching, 2. programming, 3. LaTeX formatting, 4.

proofreading
1. Source searching

Generative Al was used to find relevant academic sources. The relevance of each source
was evaluated by the author. The decision of whether a source was used as part of the
text was made by the author. Al was not used to read, summarize, or draw conclusions

from any sources.
Example prompt: "Give me the most relevant academic sources for stochastic volatility."
2. Programming

Generative Al was used to debug Python code or generate appropriate Python syntax
for certain statistical methods. Al was especially used for statistical models from stats-
models.api library and data visualization from matplotlib library. The quality of syntax
generated by Al was verified by the author using prior knowledge of Python and docu-

mentation from previously mentioned libraries.

Example prompt 1: "Here is my code: {code}, here is the error message: {error message}"
Example prompt 2: "How can I execute the augmented Dickey-Fuller test in Python?"
3. LaTeX formatting

Generative Al was used to format formulas in LaTeX and move tables from Python to
LaTeX. All text inserted into LaTeX was proofread by the author as well as the compiled
result. The mathematical logic of each formula was verified by the author. Each table in
LaTeX was compared to the original table in Python, and all text in tables was written
by the author.

Example prompt 1: "Make this formula more readable: {formula}"

Example prompt 2: "Write this table in LaTeX: {Python table}"
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4. Proofreading

Generative Al was used to proofread parts of the text for grammatical errors or false

information. The feedback was then analyzed by the author.

Example prompt: "Are there any grammatical errors or false information in this text:
{text}"



