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Abstract 
 

Covid19 hit the world’s financial markets by surprise in March 2020 and ensuing volatility 

marked an end to the prior low-volatility environment. This Black Swan engendered 

numerous publications establishing how the equity market responded to the exogenous shock. 

However, there is no applicable comparison to Nasdaq100 regarding how models perform 

during extreme conditions such as ante, amid and post Covid19. Furthermore, goodness of fit 

together with forecasting accuracy are further examined in the light of new intra-day data 

from Oxford Man Institute covering this time-period. This thesis presents a comparison of 

volatility models incorporating economic intuition, sentiment, historical values of volatility 

and stochastics. By exploiting intra-day at 5 min interval the trade-off between noise and loss 

of valuable information effectively kept at a minimum yielding considerable robustness to the 

thesis’ result. Linear ARCH-models, Implied Volatility and HARRV applied with the 

addition of several different combinations of hold-out periods enable multiple vantagepoints 

for evaluation. This thesis finds HARRV’s series of one-step ahead prediction of future 

conditional volatility to be superior throughout all hold-out periods. I am able to present 

empirical evidence supporting the idea that HARRV’s additive cascades of volatility is 

superior to sentiment-driven implied volatility and ARCH-models pertaining to Nasdaq100. 

 

Keywords – SV, ARCH, GARCH, TARCH, EGARCH, HARRV, IV, RV, Integrated 

Volatility, TINA 
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I. Introduction 

 
The World Health Organization officially declared Covid19 to be a pandemic 11th of March 

2020 (WHO, 2020). Covid19 seems to have originating from Wuhan, China and from thereon 

spread further. Initially, the virus constituted a regional health problem but soon enough it 

affected the world's economic state as borders were rapidly closed and restrictions were 

imposed on everyday commute, opening-hours for stores among other implemented policies. 

The spread of the virus was characterized by waves, pertaining to the wave-like pattern of the 

amount of infected and subsequently diseased individuals. The emergence of Covid19 marked 

the end of the prior low-volatility environment in the equity market spanning mid 2012 to 

2020. 

  

Financial markets consist of numerous types of assets such as bonds, equities, commodities, 

crypto and foreign exchange (FX). Derived from these underlying assets, indices are 

constructed to capture the market exposure of a specified segment of assets. These range from 

geographical segmentations to industry and can be arbitrarily constructed to any basket of 

asset or commodity alike. The Nasdaq100 is one of these indices with a high proportion of the 

world’s largest tech-conglomerates. The index is a weighted average of 100 stocks with the 

highest turnover among the stocks in the Nasdaq index. This thesis will focus solely on this 

specific index. 

 

The outbreak of Covid19 engendered an unparalleled level of volatility causing the Chicago 

Board Option Exchange (CBOE), currently the largest option and future exchange in the US, 

VIX to surge, closing at 82.69 March 16th, 2020, and subsequently 82.47 for VXN (equivalent 

to VIX with Nasdaq100 as underlying index). That is the highest materialized level of implied 

volatility since the inception of VXN year 2001. Events such as this pandemic share core 



characteristics with other financial crisis as they profoundly disrupt the market. This time is 

not like the self-induced crisis of 2009 due to unsoundly evaluated and priced instruments 

such as Credit Default Swaps (CDS) and soaring risk taking, but rather an exogenous shock to 

all level of economic activity. As of September, 2021 the pandemic has yet to be subdued and 

continues to affect all aspects of the economy. Lockdown bear heavy on output and 

indebtedness which begs the question of how long these countermeasures can be sustained by 

governments. A quick glance at the VXN and equity markets bullish trend this last year 

(2021) indicates a rebound from the lows of 2020. The Delta-Variant of Covid19 continues to 

disrupt the global economy, policy makers have kept up the unprecedented monetary 

expansion in order to combat spread of the virus and the ensuing shutdown of economies. The 

unpredictability of spread, severity, persistence and potential future mutations of the virus 

keeps uncertainty inflated.  

  

The impact of Covid19 on the equity market has induced scholars to further look into the 

pandemics effect on the equity market. Noteworthy publications such as Baker et al (2020b) 

focuses on the uncertainty aspect of Covid19’s impact on the economy. The publication 

explores the differences between real exogenous shocks and the ensuing sentiment or 

uncertainty surrounding the outbreak and development of Covid19.  

 

Baker et al (2020a) explore macroeconomic effects of Covid19-induced uncertainties, which 

has been highly relevant since the emergence of QE-programs initiated by central banks. 

Moreover, Mazur et al (2021) look further into the structure of volatility and asymmetry in 

volatility of stocks included in S&P 1500. The publication takes on take on a more sectoral 

approach to the Covid19-induced shocks to the financial market. S&P 1500 (not the be 

confused with S&P 500) components are deemed to have reacted asymmetrically to the 

shocks as their underlying core business are fundamentally dissimilar. This asymmetry will be 

covered in subsequent sections of this thesis as it is central upcoming modeling of volatility. 

 

Albulescu (2021) has a similar emphasis on the establishing and measuring the effect of 

volatility on the US equity market as a whole. The relationship between risk and return has 

been at focus for a lion’s share of these scientific papers and a more general approach of 

volatility has been employed. The motivation for these mentioned studies on volatility 

relating to DOW and similar major indices during the pandemic has been to primarily model, 

understand and to some extent predict volatility in the equity market. Lastly, no prominent 



work has been carried out applicable to the Nasdaq100 during Covid19 covering the 

development of 2021 concerning comparison of volatility models and forecasting volatility 

during extreme events. This is where this thesis aims to add value. The choice of Nasdaq100 

as index stems from the higher PE-multiples present arguably causing the index to be more 

sensitive to uncertainty than other indices as their value is based on income streams further 

away in time. 

 

 The potential divergence from expected and realized volatility will also shed light on how 

models might be erroneous under extreme conditions such as during this unfolding pandemic 

at hand. There are countless forecasting models all aiming to optimize forecasting of volatility 

in the equity market along with macroeconomic outcomes. This thesis aims to provide 

additional incremental information to stakeholders as to how best forecast future volatility in 

times of crisis such as pandemics by comparing different models’ goodness of fit and 

accuracy. The research questions are as following: 

 

Which volatility model yields the highest goodness of fit with Nasdaq100 as underlying index? 

How well do the models predict future values of volatility pre, during and post Covid19 for 

Nasdaq100? 

 

Stakeholders such as asset managers, investors and government policy makers all pose as 

potential benefactors of this thesis as more light is shed on volatility amid black swan events. 

A better understanding of tail risk events and how volatility progress through them, portfolios 

may be optimized and policies can be shaped more effectively in order to counter the negative 

economic impact associated with pandemics and other financial crisis. Moreover, uncertainty 

will hopefully be reduced as a deeper understanding of these kinds of events aids economic 

agents in their expectation of the outcome of tomorrow. This uncertainty is particularly 

evident during exogenous shocks such as Covid19. Lastly, this hopefully improved 

understanding of risk in financial market may benefit the real economy as the former directly 

affects consumption through the wealth effect and possible changes in risk aversion of 

corporations and consumers alike.  

 

 

 



II. Background 
 

There exists a fundamental relationship between economic uncertainty and economic 

development through the change in risk-taking behavior of economic agents as the risk of 

financial market changes. The deviation between expected market volatility and realized 

further adds to the layering of how uncertainty directly affects economic activity as economic 

agents alter their economic decisions. This bottom-up micro approach to understanding 

volatility and uncertainty is deduced from microeconomics where economic agents are 

assumed to act rational and in self-interest. On an individual basis, this is the equivalent to 

how one acts when uncertain of the future and thus how can one optimize her decisions today 

based on uncertainty and belief about tomorrow.  Giants in economics such as Keynes (1936) 

and Hayek (1960) laid out the foundation of this relationship between agents and the financial 

markets and their publications is widely deemed to be of immense importance as it explains 

agents’ behavior in a fundamental sense.  

 

Financial crisis such as Covid19 transplant unto the real economy through several 

transmission mechanisms. Viewed from a micro-perspective change in consumption and 

investments are arguably the dominant components at play. Via “The wealth effect”, 

consumption drops as a result of loss directly linked to assets valuation. The wealth effect 

may be viewed as complementary to the standard income effect central to microeconomics. 

The other component is the risk aversion visible through contraction of investments, which 

also has been shown to take effect during times of crisis (Kahle & Stulz, 2013). In short risk 

aversion can be explained as the preference of certainty above uncertainty in economic 

outcomes. This postulation helps to explain the pattern of agents preferring a safer yet lower 

return than uncertain potentially higher returns. 

 

Modern Portfolio Theory pioneered by Markowitz (1952) build-upon risk and reward models 

where weighting risk measured in variance in relation to its expected return. The model aims 

to optimize returns of a portfolio given any level of risk along a frontier comprised of 

individual assets. An extension of this framework is the inclusion of derivatives. Derivative-

pricing depends greatly on implied volatility which is associated with realized volatility both 

backward looking and forward looking. Thus, valuation and allocation-models employed by 

financial stakeholders amplifies the effects of volatility and arguably the relationship between 

volatility and risk and the Economy as a whole. Paradoxically, the implementation of hedging 



risk through minimizing variance of a portfolio, might in an aggregate sense arguably amplify 

negative shocks in the financial market. This above-mentioned mechanics all contribute to 

understand why volatility and uncertainty affect the equity market.  

 

Asset managers and investment management rely on mean variance theory for their 

deployment of capital. Volatility may drive price action changes in assets even though it is not 

necessarily associated to inherent risk in its own capacity. Illustratively is can be described as 

a flock-driven self-fulfilling prophecy. The dependance of the mean variance framework is 

fundamental to portfolios as it is arguably the most heavily utilized model by economic agents 

(Gregoriou, 2009).  

 

III. Literature Review 
  

Firstly, the definition and characteristics of time series will be laid out to identify key 

characteristics of the type of data used throughout this thesis. Subsequently risk aversion on a 

micro-level will be addressed in order to explain a priori assumptions about individual 

behavior pertaining to the equity market along with a brief description of the phenomena 

TINA. This paragraph will aid to explain the economic intuition behind exhibited volatility. 

The concluding paragraphs will address technical properties of volatility concerning 

distribution and key characteristics of volatility present in equity markets.  

A. Time series 

 
A time series is built up of sequence of values unvaryingly defined over time. At a glance, 

oscillation or fluctuations of variables seem to occur at random within time series data. This is 

not quite true as there often are patterns of stochastic behavior giving rise to definite patterns 

in variance and autocorrelation. This would in turn suggest that there might exist methods that 

conceivably can estimate these patterns through a deeper understanding of conditional 

variance.  

 

 

 



B. Risk Aversion 

 
The seminal paper by Bernoulli (1713) first introduced the concept of risk aversion through 

the brilliant St Petersburg Paradox. This observed Risk Aversion is fundamental to 

apprehending why the risk Premia visible in the financial market exists and persists 

(Bollerslev et al, 2011). On average, economic agents prefer a sure return above that of a 

uncertain return of a risky asset, as it equates to a higher level of utility choosing the surer 

return even though it might carry a lower return (Abel, 1999). This is a well-known 

assumption in microeconomic models. A more technical descent into risk aversion was 

commenced some 60 years ago by Arrow (1965) and Pratt (1964) who postulated the now 

known properties of first and second derivatives (respectively) of the utility function 

expresses mathematically as u′(w) > 0 and subsequently Risk aversion when u′′(w) < 0. 

Furthermore Kimball (1990) stated that agent’s utility functions in regards to the third 

derivative show the following tendency: u′′′(w) > 0. Lastly, Leland (1968) argues that the 

fourth derivative of the utility function iv(w) < 0, resulting in a risk aversion towards larger 

kurtosis. Precautionary savings motive may economically be interpreted to be the driver of 

this characteristic of risk aversion. Uncertainty of future shocks to one’s income or 

expenditures causes individuals to deviate from the well-asserted theory of life-cycle 

permanent-income model.  In conjunction these characteristics define agents’ behavior 

quantitively.  

 

As volatility rises, economic agents might very well liquidate an already viewed risky 

position to reallocate capital to safer assets exhibiting lower but surer returns. The tricky part 

is when there are no other feasible alternatives, or if these alternatives are expected to return 

below the real inflation rate. There Is No Alternative also known as TINA elevates the 

described problematic nature of” Flight to quality” (Spencer, 1851). The term was coined 

some 170 years ago and reemerged during Margaret Thatcher’s time in office. The 

expression” Flight to quality” was first introduced in by Berneke et al (1994) and is 

monumental in terms of its economic impact. As the perceived riskiness of an asset increases 

during a crisis, investors exhibit an almost herd-like beaver of” fleeing” from these riskier 

assets through rebalancing their portfolios by acquiring bonds or other similar safer asset 

types. What makes the context of Covid19 particularly demanding is that if interest rates are 

already past the point of” Zero Lower Bound” and provides a negative real return and real 



estate is already at an all-time high fueled by these immensely low interest rates. What 

options do economic agents have in terms of rebalancing? Even though the problem of 

maximizing outcome remains from the perspective of investors the way to go about it may 

pose difficult. As economies are interlinked, more so than ever, a major external shock as 

Covid19 poses a shock to all economies. This above-mentioned postulated state leads 

investors to be left with less if no options of tapping into undisturbed markets. In effect, TINA 

may cause investors decisions to become even more complicated in terms of willingness to 

equity market exposure and thus also affecting volatility. It is unclear however exactly how 

the dynamics of TINA impacts this study due to limitations of focus of this study. 

 

C. Facts on Volatility 
 

A priori assumptions of the distribution of returns for securities for a range of models assume 

a normal distribution, also known as a gaussian distribution. Among these models is Value at 

Risk “VaR” which is widely used in the finance industry (Duffie et al, 1997). 

 

𝑓(𝑧) =
1

√2𝜋𝜎
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Equation 1: Probability density function of Gaussian Distribution. 

 

 

Crucial to the theoretical framework, VaR assumes a gaussian distribution of returns. 

Gaussian distribution is not befitting the returns of securities as it is symmetric with a lower 

peak, non-presence of skewness and lower kurtosis. Empirics do not support the presence of 

gaussian distribution of stock returns (McDonald and Newey, 1988). Thus, the student t 

distribution will be assumed a prior in this thesis in favor of gaussian. This is in line with 

previous prominent studies  carried out by Bollerslev (1986), Mittnek et al (1998) and Franses 

et al (2008). Consequently, this assumption will constitute the a priori conception of the 

distribution of equity returns.  
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Equation 2: Probability density function of Student t Distribution. 𝛤 is the gamma function, 𝑣 

represents the degrees of freedom. 

 

D. Properties of Volatility 

 
Volatility possesses key characteristics valuable to fully understanding its dynamics in the 

equity market. These stylized facts will be described briefly along with its relation to the 

modelling of volatility in time series performed in this thesis.  

 

First of all, volatility exhibits what is colloquially called “Long memory”. The long memory 

of volatility is the slow decaying future of volatility’s autocorrelation. One may think of this 

in terms of if volatility is high today, it is likely to be so tomorrow even though it has mean 

reverting properties in the long run. Short term this statement holds true though there is 

propensity for volatility to revert back to the mean when examining volatility in longer terms. 

There is a stark tendency for volatility to revert to the mean in the long term given absence of 

new available information. This equates to high volatility is likely to decrease as time passes. 

One needs to keep in mind that the mean is bound to be different depending on time horizon 

and time frame, making it somewhat dubious in a forecasting sense. In addition to this 

volatility exhibits what is called “Fat tails”, which technically is constitutes the fourth 

moment of distribution. Kurtosis is a measure of how likely extreme events are likely to occur 

as well as increased likelihood of values at or around the mean compared to gaussian 

distribution. A Kurtosis value of 3 indicates a Mesokurtic (normal) distribution whereas larger 

values translate into a Leptokurtic distribution and lastly a lower into a Platykurtic.  

 

An immensely important concept is the Volatility Clustering. This characteristic of volatility 

is crucial to understanding the ARCH-family of models. Dating back some 60 odd years ago 

the characteristic of clustering was established in 1963 by Mandelbrot. Bluntly stated in this 

prominent paper” Large changes tend to be followed by large changes …and small changes 

tend to be followed by small changes” (Mandelbrot, 1963). Interestingly enough volatility 



clustering is independent of the underlying security, commodity, currencies and indices even 

though there are discrepancies in-between. Moreover, clustering is more prominent during 

bear markets than during bull markets. This fact carries significant weight going forward in 

this thesis. Additionally, the decay of autocorrelation is similarly faster in bearish markets 

(Sinclair, 2013). This leads us to the asymmetric aspect of volatility. Asymmetry in 

Conditional volatility has previously been asserted and argued for in articles such as Bekaert 

et al  (2000). Illustrative, the left and right tail in the conditional probability distribution are 

not symmetric, right tail being significantly larger. Sudden spikes in conditional volatility 

occur more often than abrupt drops in volatility. Lastly there is an established relationship 

between Volatility and Volume. There is an established positive correlation between volume 

and volatility (Smirlock and Starks, 1988). Which means that during time of particularly high 

volatility, volume is also likely higher than its mean for any given time horizon. 

 

 

The seminal paper of Black (1976) and later on Christie (1982a) attributed this asymmetric 

return-volatility relationship to leverage effect. It pertains to changes in financial leverage, as 

in debt-to-equity ratio for any given entity. As the price of an equity declines, the ratio of debt 

to equity rises. This equates to the company is associated with a greater degree of risk as an 

increase in leverage equates to taking on more risk financially. There is also another 

compelling explanation for the case of asymmetric volatility. French et al (1987) argue that 

this asymmetry stems from” time varying risk premium”. This varying premium of risk 

pertains to difference in discount rates of future capital gain and dividend and risk associated 

with a particular instrument at time t. During turmoil and large changes such as those facing 

the oil industry today, the risk premia could very well change as a result. 

 

 Realized Volatility (Historical Volatility)  

 

 

𝑅𝑉- =<	𝑥.,-&
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Equation 3: 𝑅𝑉- stands for realized volatility at time t and 𝑥.,- subsequently for 

 intra-day equity return. 



 

Realized volatility is the de facto nonparametric ex-post estimate of the variance of return 

(Andersen & Benzoni, 2018). Realized volatility is not directly observable but latent and may 

only be obtained by calculation. Thus, it may only be computed by measuring the variance of 

returns within a finite time span. What is crucial is that realized volatility can be used in order 

to check for potential differences between implied volatility and other forecasted values 

derived from models and how they relate to realized volatility. Theoretically, if there are no 

transactions cost present and there is continuously observed price of an asset the variation of 

realized return is possible to obtain the true realized volatility without error. Stated in the 

publication published by Andersen and Bollerslev (1998), intraday squared returns measured 

in 5-min intervals yield an accurate measure. However, If the interval is less than 5-min the 

estimate of realized volatility will be plagued by noise (market microstructure effects) and 

thus become both inconsistent and bias (Aït-Sahalia et al, 2005). In essence there is a tradeoff 

between measuring too little yielding non-accurate estimates and measuring too much which 

inexplicitly captures noise to a greater extent. Arguably the optimal time interval for which 

ones obtains the raw data needed to compute the realized volatility of any asset and it is 

arguably near or about 5 minutes according to these cited empirics and hence this 

measurement will be used in this thesis. 

 

Integrated Volatility 

 

By integrating volatility within a finite time span rather than summing up discrete values as 

typically performed, accuracy is argued to be higher and less plagued by noise. This approach 

is model-free and closer aligned empirically with market data (Zhang et al, 2005). This in turn 

substantially enhances the integrity of volatility models in this thesis. 

 

  

IV- ≡ B  
-

-!+
𝜎&(𝑠)d𝑠 

  

Equation 4: 𝐼𝑉- demarks the integrated volatility at time t and the ∫  -
-!+ is the denotation of 

integral over one trading day. 

 

  



E. Implied Volatility 
 

The famous Black-Scholes model includes the parameter of volatility in its pricing of options 

irrespective of underlying asset. This equates to indicating the underlying asset’s implied 

volatility at any given point in time when taking into account all other factors relevant for the 

pricing of the option. By summing up, dividing and weighing options with different 

underlying equites, strike prices and time of maturity, the VIX is constructed to form the 

overall forward-looking market sentiment 𝑡 + 30	In a fully efficient market this would equate 

to a complete and accurate assessment of all data available up to date of future development. 

 

There is a dispute whether IV can accurately predict future volatility. Christensen and 

Prabhala (1998) examined S&P 100 options during 1983-1995 and postulate that IV is indeed 

a good predictor of future realized volatility. There are numerous studies supporting the idea 

that IV is an accurate predictor of volatility (Corrado and Miller, 2005), (Li & Yang, 2009) 

and (Shaikh & Padhi, 2014). Subsequently, this was confirmed yet in another study by 

Christensen & Hansen (2002). Conversely there are scholars who argue that IV is biased and 

inefficient (Lamoureux & Lastrapes, 1993). There is undoubtedly no consensus as of today if 

IV is accurate in predicting future volatility. 

  

Further evidence shows that IV consistently overestimates future realized volatility coined 

volatility risk premium (Bakshi & Kapadia, 2003). VRP represents the premium investors 

earn by taking on risk as the hedger (investor) effectively transfers the equity market risk to 

the seller of the option by acquiring mentioned option. This return or premium as it’s called is 

the non-zero positive expected value for taking on the implied risk (TheHedgeFundJournal, 

2017). Studies such as Carr & Wu (2009) and Trolle & Schwartz (2009) argue that the VRP is 

significant and time-varying. Variance in risk premium is believed to stem from the 

discrepancy between an agent’s subjective belief about conditional variance in the financial 

market in comparison to the true conditional variance (Lochstoer et al, 2020). Which in turn 

“drives a wedge between the volatility forecasted under Q and subsequently realized under 

P.” (Trolle & Schwartz, 2009). Hence the IV is a priori assumed to overshoot in relation to 

what empirical models predict. 

 

 



IV. Overview of Models 

 

Aside from IV there are models aiming to capture and predict volatility through an 

econometric approach in comparison with market sentiment. One of the most widely used 

volatility models today is the Autoregressive Conditional Heteroskedasticity (ARCH) model 

first introduced by Engle (1982), who later was awarded Nobel Laureate in Economic 

Sciences. This model was later modified into the well-recognized Generalized Autoregressive 

Conditional Heteroskedasticity (GARCH) through the influential scientific paper Bollerslev 

(1986). These models will be explained and looked at in a more elaborate sense in subsequent 

sections of this thesis. The models have been chosen based on how widely used they are in 

econometrics as they often comprise benchmark models for similar studies (Engle & Patton, 

2007). 

 

A. ARCH – Autoregressive Conditional Heteroskedasticity 
 

The seminal paper by Engle (1982) describes the ARCH-model in the following manner:” … 

These are mean zero, serially uncorrelated processes with nonconstant variances conditional 

on the past, but constant unconditional variances”. This assumption is in stark contrast to the 

previously dominated assumption of a constant one-period forecast variance. Variance in 

period t is thus dependent on the realized variance in period 𝑡 − 1  One key feature of the 

model is that it is able to explain volatility clustering as well as time varying volatility 

contributing to its attractiveness. As the name suggests, autocorrelation is a pivotal element to 

understanding the model. The autoregressive course of development is a stochastic process 

based on the assumption that values at time t affects values at time t + 1 in conjunction with a 

Brownian motion. In other words, the prior error terms become the predictors of future value 

with leeway for a random walk generated through a stochastic process. The ARCH/GARCH 

including alterations models the conditional variance of the q lag of the squared error and 

with p lags of the conditional variance. One of the most common specifications is the ARCH 

(1,1) and GARCH (1,1), depicting conditional variance of lag one and with one lag of 

conditional variance. ARCH (1,1) as such will be written as just ARCH which goes for all 

alterations present in this thesis.  

 



Let the conditional density function be  𝑓(𝑦- ∣ 𝑦-!+) from which a random variable is drawn. 

The forecast for today’s value based on values prior in time, or colloquially past information, 

under standard assumptions is 𝐸(𝑦- ∣ 𝑦-!+). The variance for 𝑡 + 1	is given through 

𝑉(𝑦- ∣ 𝑦-!+). The one-step ahead forecast is given by 𝜎0*+& = 	𝜔 + 𝛼+𝜀0&. 

 

𝜎0& = 𝛼1 + 𝛼+𝜀0!+& +⋯+ 𝛼2𝜀0!2& = 𝛼1 +< 
2

34+

𝛼3𝜀0!3&  

 

Equation 5: Equation representing the ARCH-model (Engle, 1982).  

 

However, the ARCH-model is not without its flaws. A frequent predicament is that a large 

amount of data is needed in order to obtain a robust estimation of the model and as previously 

stated there are mixed results pertaining to the model’s performance and accuracy (Figlewski, 

1997). 

  

B. GARCH – Generalized Autoregressive Conditional Heteroskedasticity 
  

Bollerslev (1986) and Taylor (1986) individually and independent of one another came up 

with an extension of the original model. GARCH is the generalized version of the 

Autoregressive Conditional Heteroscedasticity model (ARCH). The ARCH and GARCH- 

models jointly comprise the default model for times series analysis for scholars across the 

field of economics (Pilbeam & Langeland, 2014). An advantage of the GARCH-model is that 

returns are not a priori assumed to be i.i.d even though they are assumed to have a gaussian 

distribution conditional of values of returns in t – 1…t-n. However, they are not gaussian 

unconditionally, due to clustering which in turn generates the well-known fat tails 

(Wilhelmsson, 2006).  

 

𝜎-& = 𝜔 +< 
5

64+

𝛼6𝜀-!6& +< 
7
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Equation 6: Equation presenting the GARCH-model as constructed by Bollerslev (1986) and 

Taylor (1986). 

 



Moreover, the GARCH-model allows for a more flexible lag structure along with a longer 

memory (Bollerslev, 1986). A concept first introduced by Mandelbrot (1971) and 

subsequently examined further by other scholars (Doukhan et al, 2002). An adverse property 

of the model is the lack of integration of the leverage effect. Liu & Morley (2009) compared 

different alterations and versions of the GARCH-model and postulate that the EGARCH-

model is optimal to the GARCH-model given non-normal conditional volatility. Furthermore 

Kisinbay (2010) states that asymmetric volatility models such as the EGARCH is superior of 

that of GARCH for forecasting at shorter and medium time-span horizons. 

  

Hansen & Lunde (2005) compare a multitude of volatility associated models such as the 

ARCH in order to assess how well estimated their forecasting precautions are. GARCH (1,1) 

is conclusively deemed to be superior among the list of models when estimating the daily 

return of US equity markets. To further add to the reason of choosing to use the GARCH-

model there are influential and well cited articles that have used the model in prior studies to 

forecast volatility such as Brailsford & Faff (1996), Pagan & Schwert (1990) and Corrado & 

Miller (2005). 

 

C. TARCH – Threshold Autoregressive Conditional Heteroskedasticity 
 

Threshold ARCH (TARCH) is an extension to the original ARCH-model with the feature of 

threshold for the conditional mean and conditional variance. To accommodate regime-

switching in volatility where volatility follows an ARCH-process within respective regimes a 

threshold is implemented. This threshold effect pertains to the lesser persistence of large 

shocks than small on volatility. The models suggests that large shocks are expected to be 

followed by a relatively more rapid decline. One may view the above statement as difference 

in decay rates of volatility between TARCH and ARCH-models given exogenous shocks. In 

addition to these stated characteristics above the model allows for non-linearity in expected 

volatility. Rabemananjara & Zakoian (1993) were the pioneers for this extension of the 

ARCH-model.  
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Equation 7: Underlying equation for TARCH-model where 𝐼 is binary enforced. 



D. EGARCH – Exponential Autoregressive Conditional Heteroskedasticity 
 

Christie (1982) and Nelson (1991) proved the existence of asymmetric responses where the 

leverage effect was argued to be the cause of this asymmetry. Due to this findings Nelson 

(1991) first brought about the EGARCH model as an extension of the GARCH-model to 

adjust for this asymmetry in response. Arguably this model is realistic to a greater extent as it 

incorporates established asymmetry in responses.  

The mean equation is the same for EGARCH as it is for GARCH. As for the distribution of 

error, a generalized error distribution is assumed in favor of the gaussian. 
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Equation 8: The figure illustrates the underlying equation for the EGARCH-model. 

 

E. HARRV - Heterogenous Autoregressive Realized Variance 
 

The intuition behind the HARRV is that market-partakers such as financial institutions or 

retail clients base their economic decisions on temporal horizons of volatility differing in 

length. Müller et al (1997) first formed the idea of the Heterogenous Market Hypothesis 

(HMH). To illustrate day traders merely engage in intraday positions whereas large pension 

funds might rebalance their portfolios on a quarterly basis. Thus, it may be rational to assume 

that market participants react in relation to their respective temporal component. This line of 

reasoning further adds to postulating that long term volatility has a larger impact of volatility 

tomorrow than short term. Hence short-term trading may be more heavily influenced by long 

term volatility than the other way around. 

 

In stark contrast to the modeling of ARCH-family, the HARRV utilizes three realized additive 

variance components. The daily 𝑡 = 1, weekly 𝑡 = 5, and monthly 𝑡 = 22 are constructed as 

lag averages within a rolling time window of the intraday realized variance of any instrument 

or asset. These factors are similar to AR as the lagged values at these intervals affect the 



dependent variable, namely tomorrow’s conditional variance. A cascade is used as an 

illustrative conception of this dynamic (Corsi, 2009).  
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Equation 9: Construction of the lagged rolling time window averages comprising the weekly 

and monthly additive variance components. 
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Equation 10: Equation for the HARRV process. (d), (w) and (m) refer to day, week & month 

respectively.  

 

As suggested in Corsi (2009) the estimation of model is most accurately performed through a 

Newey-West corrected Ordinary Least Squares (OLS) since effects stemming from 

covariance and autocorrelation must be accounted for.  

 

V. Empirical Application 

 

A. Forecasting 
  

Forecasting or predicting future values by models is performed through fitting values within a 

defined range of observations according to the framework of deployed model and 

subsequently applying the same underlying pattern to future values. It can be viewed as 

identifying and calibrating a trend in the data used to predict values at future points in time. 

To further clarify in this context: Given the in-sample data at hand from the first half of 

observations. What values does the model predict for the second half of observations? It 

works through fitting a model to available data and then forecast future values based on this 

fitting.  

 



Numerous studies have been published aimed at modelling and forecasting volatility and risk. 

Some notable studies have examined and modelled volatility in the stock market and are 

widely employed up to this day (Hansen & Lunde, 2005). Several influential papers will be 

addressed and discussed in subsequent sections of this thesis. This thesis will primarily focus 

on Option Implied Volatility (IV), HARRV and ARCH Class Conditional Volatility Models.  

 

As stated in Vilhelmsson (2006) there is a major drawback of the commonly used loss 

function Mean Square Error (MSE) as it is sensitive to outliers. Authors Brailsford & Faff, 

(1996) state that MAE and RSME are deemed to be valid loss functions of comparing 

different forecasts. MAE will be utilized in my own thesis for the same mentioned purpose 

and the RSME. Hansen and Lunde (2005) adhere to the conception of MAE’s viability as loss 

function. 
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Equation 11: Mean Absolute Error Equation (MAE). n is the number of days, 𝑣-*+&  is the 

proxy for volatility and �̂�-*+&  denotes the one-day-ahead forecast of volatility. 

 

 B. Data  
 

Data was obtained from Infront covering 24 Jan 2001 to 29 October 2021 containing the 

implied volatility of weighted average index for Nasdaq100. Moreover, data on integrated 

volatility was acquired from the Oxford-Man Institute of Quantitative Finance, in turn 

acquired from Refinitiv (Reuters) on a tick-by-tick basis. This variable is deemed to be high-

frequency data. The data is granular and is measured intra-daily in time spans measured in 

minutes with a total of 5224 observations. The data is adjusted for splits, reverse splits, 

dividends and extraordinary dividends across the entire sample period. Time periods are 

divisible by day and effectively represents a close-to-close measurement.   

 

The list of variables included are the following: 

 

1) Integrated Variance (5-min) 



2) Closing Price Nasdaq100 

3) Implied Volatility (VXN) 

 

Raw data has prior to usage been cleaned and calculated in order to engender the integrated 

volatility for simplicity. The integrated volatility is calculated by Oxford-man Institute by 

using the method of realized kernel adjusting for noise in data.  

 

𝑅𝑀- = ∑?4!@@  𝑘(ℎ/(𝐻 + 1))𝛾? 

 

Equation 12: Realized Kernel equation adjusting for noise. This yields an accurate estimate 

of the true volatility with guaranteed non-negative resulting values. 

 

The underlying index is The Nasdaq100 comprised by the weighted average price index of the 

100 equities with the highest turnover on the Nasdaq stock exchange. The Nasdaq100 is 

denoted QQQ (ticker) on the U.S. stock exchange.  
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Equation 13: Method by which the weighted index Nasdaq100 is calculated through. 

 

                   Descriptive data  Number of obs   =      5223 

 

Variable  Min Max Mean Sd Var Cv Se Skew Kurt 

Daily 

return 

-12.193 12.579 .047 1.590 2.528 33.691 .021 .035 9.456 

Implied 

Volatility 

12.579 82.49 25.422 13.118 172.090 .516 .181 1.755 5.718 

 

Table 1: Descriptive statistics of Nasdaq100 and implied volatility with Nasdaq100 as 

underlying index. In order to better understand its characteristics gaussian properties are 

included for benchmarking. Gaussian Stats: Skewness = 0 (Perfectly symmetric) Kurtosis = 

3.0. 

 



By further exploring the structure of data the clustering of returns is distinguishable. The 

Argentine economic crisis of 2001-2002, the global financial crisis of 2009 and Covid19 

during 2020 to present day exhibit extraordinary volatility. 

 

 

 

 

 

 

 

 

 
 

 

Figure 1: Daily percentage return of Nasdaq100. This figure illustrates the clustering of 

returns in respect to t-1 marking out calmer and more volatile periods. Busdate is the 

acronym for business date which are on average 5 per week. 

 

 



By utilizing the Newey-West covariance correction possible presence of serial correlation will 

be adjusted for. This correction is applicable to the regression performed when constructing 

HARRV model.  

 

An Augmented Dickey Fuller Test is performed to check for unit root in intraday-returns of 

Nasdaq100 in the following manner. In case of non-existing unit root, the time series is said to 

be stationary. If the data is stationary both mean and variance are constant over time.  
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Equation 14: Equation – Augmented Dickey Fuller Test (with constant and without time 

trend).  

 

The Augmented Dickey-Fuller result indicates that the data is first order non-stationary and 

thus contains unit root, fully consistent with prior findings of intraday-returns. 

 

  
 

Figure 2: Quantile-Quantile Plot & Histogram of Distribution. The tails of distribution of 

returns of Nasdaq100 expressed in percentage are visibly “fatter” than those of a normal 

distribution. Moreover, the probability density around the median is significantly larger than 

expected from a normal distribution. 
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A Shapiro-Wilk W test is carried in order to test the data for normality. From which the 

potential normal distribution, skewness and excess kurtosis can be estimated. This test is 

performed to confirm the visual indication previously obtained by examining the histogram 

depicted in figure 20 in appendix. As expected, the null-hypothesis of normal distribution is 

rejected at the highest significance level. Lastly, Jung and Box (1978) test was executed for 

noise in intraday return, which is rejected at 0.000. Thus, the data exhibits an autocorrelated 

structure. 

 

VI. RESULTS 

 
Convergence of models’ maximum likelihood calculation did not occur for all ARCH-

models’ estimates. This raises uncertainty of the overall fit of certain models with predefined 

specifications. Of which local maxima/minima could not be found there is grounds for caution 

even though the maximum likelihood value may contain valuable information, nonetheless.  

 

 

 

Model MAE  RMSE AIC BIC  

  

HARRV*** .03431 .09765 -76068.86 -76036.06 

IV*** .55937 .92580 -72457.8 -72438.13 

TARCH*** .18851 .27476 -31668.32 -31635.51 

ARCH*** .17472 .36278 -32024.52 -31991.72 

EGARCH*** .21029 1.01351 -32478.63 -32439.26 

GARCH*** .12786 .27777 -33152.52 -33113.15 

 

Table 2: HARRV tops the loss functions MAE and RMSE. Likewise, it exhibits the lowest 

value for AIC and BIC. The results for IV are mixed as it carries larger value for loss 

functions than comparable ARCH-models even though it has the second to lowest AIC/BIC. 

Among the ARCH-models GARCH stands out with lower loss function and lower scores for 

AIC/BIC. MAE & RMSE-scores are multiplied by 1000 to improve readability. 

 



The overall goodness of fit is assessed through ranking the values the loss functions MAE and 

RMSE. The HARRV exhibit the lowest score of the sample for both types of measurement 

along with the lowest scores for both AIC and BIC. Further explanation of AIC/BIC can be 

found in the appendix. IV has the second to lowest score for AIC/BIC but shows the highest 

values for loss functions, which is arguably to be interpreted as mixed results. All of the 

models are significant at the highest level. GARCH is the most optimal model according to 

these above-mentioned functions in this specification with no holdout period. 

 

Hansen and Lunde (2005) argue that GARCH (1,1) model is unrivaled among the sea of 

ARCH-models with alterations such as GJRGARCH and NGARCH among others. Previous 

literature is in line with results in this thesis. Contrarily, Kambouroudis et al (2016) find that 

EGARCH performs more accurately than GARCH which is coherent with the findings in this 

thesis. This may very well be attributable to inherent structure of the model as described in 

“The implication is that GARCH models are poorly suited for situations where volatility 

changes rapidly to a new level, because the GARCH model is slow at catching up and it will 

take many periods for the conditional variance (implied by the GARCH model) to reach its 

new level.”(Hansen et al, 2010).  

 

Subsequent graphs will illustrate the fitting made by all models using different time intervals 

for, colloquially known as sample periods. In addition, holdout-samples are used for one-step 

ahead conditional variance predictions with different alterations to solidify the thesis’ 

theoretical robustness. The red vertical line depicts the outbreak of Covid19 in the upcoming 

graphs. All graphs will not be presented as to preserve space in the thesis.  



 
Figure 3: Fitting a HARRV across the entire in-sample. Suitably interpretably as visual 

goodness-of-fit. Note the absence of fitting the model to outliers present during surges in 

volatility.  

Figure 4: The GARCH model with equally large in-sample period and holdout-period. Even 

though the holdout-period spans some 8 years it correctly predicts multiple upcoming spikes 

in volatility even though timing is debatable. 
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Figure 5: ARCH and GARCH one-step ahead conditional variance predictions. The GARCH-

models exhibits a larger prediction in surge of volatility along with a slower decay rate. 

 

 
Figure 6: The jumps in volatility can be modeled through the use of Markov Chains to model 

regime shifts in volatility. These are based on realized volatility above and the latter of 
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implied volatility. The crisis of 2001, 2009 and Covid19 exhibit surges in probability of 

“High volatility Environment”. Regimes as defined by IV as they capture the intraday 

exogenous shock to the financial market where the overall market sentiment is captured by 

the value of VIX. The results are highly significant at the 0.1% level. 

 

 

 

 

 

 

 

 

 

 

Model  N - Holdout MAE RMSE AIC BIC 

(2-split)      

HARRV 2322 .03002 .09070 -41653.69 -41623.82 

ARCH 2322 .17049 .25827 -16534.23 -16504.36 

TARCH 2322 .22684 .28134 -16378.77 -16348.91 

EGARCH 2322 .09353 .20814 -16860.96 -16825.12 

GARCH 2322 .08493 .22223 -17237.04 -17201.2 

 

 

     

(Covid-split)      

HARRV 461 .05978 .18508 -70332.37 -70300.03 

TARCH  461 .22006 .42563 -28748.3 -28715.95 

EGARCH 461 .15311 .42100 -29538.85 -29500.04 

GARCH 461 .18603 .45659 -30151.19 -30112.38 

ARCH 461 .20459 .47469 

 

-29079.44 -29047.09 

Table 3: 2-split is the denotation equally sized sample and hold out periods. ”Covid-Split” is 

defined by having a sample period up until March2020 and the remainder serve as hold out 

period for predictions. MAE & RMSE-scores are multiplied by 1000 to improve readability. 

 



The parsimonious and decidedly intuitive HARRV-model exhibits the lowest score of MAE 

in both hold-out samples with respective inverse in-sample size. The GARCH model has the 

second to lowest combined MAE and NRMSE score out of all models, equating to a higher 

level of accuracy than the remainder of the models excluding HARRV. Similar to the overall 

goodness of fit the HARRV seem to outrank the other models.  

VII. DISCUSSION 

 
HARRV appear visually to correctly predict spikes in volatility in regards to time, though 

underestimates the spikes’ level of realized volatility. These arguable conservative estimates 

and predictions may very well have had a substantial part in yielding superior results in terms 

of loss functions and deviations from the true realized volatility even though this acquires 

further study to determine. By looking at the different engendered forecasts by the models in 

this thesis it seems, at least visually, that HARRV’s fitting and prediction fail to capture the 

extreme values at large shocks and/or spikes in comparison to GARCH. On the other hand, 

GARCH often overestimate the volume of surges in volatility. These possible issues at hand 

described above further adds to the complexity of evaluating models in a quantitative manner. 

Does one measure all points of fitting and prediction equally or should one put a 

disproportionate weight on values at or around major shocks? How should one weigh the 

correct anticipation of shocks be evaluated in relation to the predicted values of such a shock?  

 

 The exact timing is naturally exceedingly challenging if not impossible to accurately predict, 

which also holds true for HARRV. The level of ensuing integrated volatility at these surges is 

underestimated at times, this pertains to all models present in this thesis. HARRV consistently 

outperforms the other models present in terms of MAE, regardless of sample period and 

holdout period alike across the different results yielded. Even though HARRV is arguably far 

more simplistic than ARCH type models and SV models, it exhibits remarkably goodness-of-

fit in sample and yields accurate predictions in relation the other models presented in this 

thesis. Cascades of lagged realized variance collectively pose as a compelling theorical 

framework given the data used in this thesis applicable to Nasdaq100.  

 

The utilization of one-step ahead predictions in ARCH-type models and HARRV implicitly 

means that the prediction will rapidly decrease in probability when time horizons increase. 



One ought to bear this sin mind evaluating their effectiveness. Naturally one may scale it 

differently by calculating on a weekly or monthly basis through some elementary 

manipulation of data and coding to get more reliable results further out in time. On the other 

hand, these estimates will be much more general and not fully capable of capture more 

granular changes or violent surges or plunges in volatility. 

The in-sample goodness-of-fit when applied to split (1:2) sample and just before the outbreak 

of covid19 may be plagued by the exact cutoff point for the last value used in calculation and 

starting period. Thus, the resulting values may very well be altered if subsamples are adjusted 

in any way, therefore it may be problematic to generalize the accuracy of these predictions. 

Alterations can be run adjusting the exact value from which predictions are based on. This 

line of reasoning also applies to the covid19-holdout period. 

Baillie and Bollerslev (1991) used the GARCH model to examine patterns of volatility in the 

US forex market and results were generally poor. This result of mentioned prominent authors 

are in line with the results in this thesis even though the model is applied to the equity market. 

This finding is in line in a general sense compared to HARRV in this thesis. However, this 

finding is not coherent when compared to the ARCH-family of models evaluated where the 

remainder of ARCH-models performed worse than the GARCH in terms of loss function and 

AIC/BIC score (Hansen & Lunde, 2005). Other studies such as Mastro (2014) also confirm 

the findings of my own thesis as the author compares the performance of ARCH-family of 

models to HARRV. 

 

According to Andersen et al (2002) multivariate ARCH and SV-models for volatility and 

conditional distribution potentially face the curse-of-dimensionality problem. Which in turn 

limits the practical use of such models given limitations of data. This is the main reason as to 

why multivariate ARCH and SV-models are rejected in favor for univariate models building 

on conditional volatility. To some degree this unity in use of number of variables aid to 

narrow possible explanations for difference in outcome.  

 

By understanding, modeling and predicting volatility more accurately we may possibly obtain 

a better understanding of the dynamics of volatility in equity markets during black swan 

events. This ought to bring about less uncertainty surrounding how the markets react to 

exogenous shocks such as Covid19. Through this increased understanding of the dynamics of 

financial market such as Nasdaq100 during Covid19 the outcome is twofold. Firstly, financial 

markets may become even more efficient than they already are. Secondly, the real economy 



may benefit from less uncertainty along with mitigated negative shocks to wealth. These two 

effects are arguably substantial in overall demand for goods and services in addition to will 

and capacity for investments of all kinds. These two mentioned effects are fundamental for 

the real economy as consumption and investments comprise the foundation for the modern 

economy. 

VIII. CONCLUSION 

 
The results suggest that HARRV and IV are the most accurate models among the number of 

models applied in this thesis. As to why this is the case is onerous to conclude empirically. 

What is noticeable is the absence of economic intuition in ARCH-family of models in relation 

to both IV and HARRV. As the ARCH-models builds on a technical foundation taking into 

account both historical values and stochastically generated values conditional on prior values. 

Even though it has the advantageous property of capturing the clustering of volatility it does 

not predict future volatility as accurate as IV and HARRV according to my own findings. To 

little or no surprise there seems to be a what I would call deterioration of the model amid and 

post Covid19-outbreak. There is no clear evidence that his exogenous shock was to be 

expected, which in itself is self-explanatory to some degree. The models accuracy worsened 

as they all decayed at a higher rate than their empirical counterpart of actual realized 

volatility. In other words, the ARCH-models and HARRV were implicitly downward bias 

indicating a lower expected volatility than what occurred at a later point in time. This major 

finding is in line with underestimating the impact of the pandemic in terms of volatility. The 

reverberation of the exogenous shock was likewise inaccurately predicted conditional on the 

actual shock. It is important to highlight the fact that HARRV is arguably a multivariate 

model as it consists of rolling averages in different time-intervals of a single variable. 

Meaning that the model draws on a single variable just as the univariate models present even 

though it uses the data differently.  

 

 

Theoretically there might be justification of modeling on variance itself rather than the 

variance of returns. In this thesis the ARCH-models fit the data through variance of returns 

and the HARRV models on the variance without the use of returns of equity. By linearly 

predict the variance in ARCH using variance in 𝑡 regressed on variance in 𝑡 + 1	a different 



outome may be engendered by the model. Furthermore, this enables the model to investigate 

the volatility of volatility (VVOL) which has some interesting properties to it. 

 

By including simultaneous information such as significant predictors argued by other scholars 

such as IV in a GARCH-model there may be room for higher accuracy (Blair et al, 2001). 

Univariate models have the attractive feature of being parsimonious although multivariate 

models incorporate data contained in other variables. Switching from univariate to 

multivariate models might generate more accurate models. Volume is one example of a 

variable that is just to investigate further in implementing it’s contained information about 

market activity in volatility models alike (Lamoureux et al, 1990). An alternative to delving 

deeper into the equity market is to integrate information derivable from other types of assets. 

Bonds could possible hold valuable information pertaining to expected volatility in the equity 

market. The reason is twofold. As nasdaq100 consists large of companies highly susceptible 

to rising interest rates the bond market may provide crucial information about current and 

future yields, directly impacting values of these companies as their cost of debt is linked to 

these levels and subsequently also how heavily cash flow is discounted. Secondly, the bond 

market may enable scholars to track flow of capital across the bond market and conversely the 

equity market. 

 

The inclusion of option and future chains there might be room for a richer set of datapoints at 

any given point in time. Similar to looking at yield curves these pieces of information may 

contain valuable insight into how the market reacts to exogenous shocks and their possible 

anticipation of events at different points in time. Ensuing volatility premia spanning over 

contrastive time horizons might aid to capture the market sentiment of future volatility in the 

equity market. Summarily a richer set of data consisting of multiple layers of current 

anticipation of future events and values could theoretically lead to more accurate predictions 

and goodness of fit of models. 

 

 

 



 

Appendix 

 

AIC – Akaike information Criteria 

 
The widely used AIC is a statistical estimator of prediction errors where quality of a model is 

assessed which can be interpreted as goodness of fit. The model adjusts for risk of overfitting 

as well as risk of underfitting both of which pose a substantial problem for times series 

forecasting. The AIC-value is derived from maximizing the log-likelihood for the model 

(Akaike, 1969). 

 

𝐴𝐼𝐶 = 2𝑘 − 2ln	(𝐿‾) 

 

BIC – Bayesian information Criteria 

 
BIC is closely related to the AIC in its theoretical framework. One notably difference is that 

the model penalizes additional parameters more severely (Schwartz, 1978). 

 

BIC = 𝑘ln	(𝑛) − 2ln	(𝐿x) 

 
                   Dickey-Fuller test for unit root                   Number of obs   =      5223 

 

  Test Statistic 1% Critical 5% Critical 10% Critical 

Z(t)                3,718 -3,430 -2,860 -2,570 

MacKinnon approximate p-value for Z(t) = 1,0000 

 

Table A: Result for Dickey-Fuller test. 

 

 



Shapiro-Wilk W test for normal data Number of obs   =      5223 

 

Variable Obs W V z Prob>z 

 

Daily_Return 5,224 0,91932 227,304 14,257 0,00000 

 

Table B: Shapiro-Wilk W test. This H0 of normality is rejected at 0.001, a result also viable 

by looking at the q-plot. Hence, the data exhibits statistically different distribution than 

gaussian. 

 

Portmanteau test for white noise 

 

Portmanteau (Q) statistic =   169,2726 

Prob>Chi2(40)           =     0,0000 

Figure 22: Jung and Box (1978) test for white noise which 

is rejected at 0.000. Thus, the data exhibits an 

autocorrelated structure.  

 

Table C: Result for test for white noise. 

 

 



 
 

Figure A: Graph depicting autocorrelation within a 95% confidence interval 
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Figure B: HARRV Overall goodness-of-fit and with holdout period starting at the center of 

time series. 

 

 
 

Figure C: EGARCH and TARCH one-step-ahead conditional forecast with holdout period 

starting at outbreak of Covid19. 
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Figure D: ARCH and GARCH one-step-ahead conditional forecast with holdout period 

starting at outbreak of Covid19. 

 

 
Figure E: EGARCH and TARCH one-step-ahead conditional forecast with holdout period 

starting at the center of time series. 
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Figure F: ARCH and GARCH one-step-ahead conditional forecast with holdout period 

starting at the center of time series. 

 

 
Figure G: EGARCH and TARCH overall goodness-of-fit. 

 

 

REFERENCES 
 

 

Abel, A. B. (1999). Risk Premia and Term Premia in General Equilibrium, Journal of 

Monetary Economics, vol. 43, pp.3-33. 

Akaike, H, (1969), Fitting autoregressive models for prediction, Annals of the Institute of 

Statistical Mathematics, 21, issue 1, p. 243-247. 

Albulescu, C. T. (2021). COVID-19 and the United States Financial Markets’ Volatility, 

Finance Research Letters, vol. 38, p.101699. 

Alfaro, L., Chari, A., Greenland, A. & Schott, P. (2020). Aggregate and Firm-Level Stock 

Returns During Pandemics, in Real Time, SSRN Scholarly Paper, Rochester, NY: 

Social Science Research Network 

0

,002

,004

,006

rv
5

0

,005

,01

,015

,02

,025

EG
AR

C
H

2001 2007 2012 2017 2021
busdate

EGARCH rv5

0

,002

,004

,006

rv
5

0

,002

,004

,006

,008

ta
rc
h

2001 2007 2012 2017 2021
busdate

tarch rv5



Andersen, T. & Bollerslev, T. (1998). Answering the Skeptics: Yes, Standard Volatility 

Models Do Provide Accurate Forecasts, International Economic Review, vol. 39, no. 

4, pp.885–905. 

Andersen, T. G., Benzoni, L. & Lund, J. (2002). An Empirical Investigation of Continuous-

Time Equity Return Models, The Journal of Finance, vol. 57, no. 3, pp.1239–1284. 

Arrow, K. J. (1965) Aspects of the Theory of Risk-bearing. Helsinki: Yrjö Jahnssonin Säätiö,. 

Print. Yrjö Jahnsson Lectures.  

Baker, S. R., Farrokhnia, R. A., Meyer, S., Pagel, M. & Yannelis, C. (2020). How Does 

Household Spending Respond to an Epidemic? Consumption During the 2020 

COVID-19 Pandemic, Cambridge, Mass: National Bureau of Economic Research. 

Baker, S., Bloom, N., Davis, S. & Terry, S. (2020). COVID-Induced Economic Uncertainty, 

Cambridge, MA: National Bureau of Economic Research, p.w26983. 

Bekaert, G. & Wu, G. (2000). Asymmetric Volatility and Risk in Equity Markets, The 

Review of Financial Studies, vol. 13, no. 1, pp.1–42. 

Black, F. (1976), “Studies of stock price volatility changes,” in Proceedings of the 1976 

Meeting of the Business and Economic Statistics Section, American Statistical 

Association, pp.177-181. 

Bollerslev, T. (1986). Generalized Autoregressive Conditional Heteroskedasticity, Journal of 

Econometrics, vol. 31, no. 3, pp.307–327. 

Bollerslev, T., Gibson, M. & Zhou, H. (2011). Dynamic Estimation of Volatility Risk Premia 

and Investor Risk Aversion from Option-Implied and Realized Volatilities, Journal of 

Econometrics, vol. 160, no. 1, pp.235–245.  

Brailsford, T. J. & Faff, R. (1996a). An Evaluation of Volatility Forecasting Techniques, 

Journal of Banking & Finance, vol. 20, no. 3, pp.419–438. 

Carr, P. & Wu, L. (2009). Variance Risk Premiums, Review of Financial Studies, vol. 22, no. 

3, pp.1311–1341. 

Christensen, B. J. & Hansen, C. (2002). New Evidence on the Implied-Realized Volatility 

Relation, The European Journal of Finance, vol. 8, no. 2, pp.187–205. 

Christensen, B. J. & Prabhala, N. R. (1998). The Relation between Implied and Realized 

Volatility, Journal of Financial Economics, vol. 50, no. 2, pp.125–150. 

Christie, A. A. (1982). The Stochastic Behavior of Common Stock Variances: Value, 

Leverage and Interest Rate Effects, Journal of Financial Economics, vol. 10, no. 4, 

pp.407–432. 



Corrado, C. & Thomas W. Miller, J. (2005). The Forecast Quality of CBOE Implied 

Volatility Indexes, Journal of Futures Markets, vol. 25, no. 4, pp.339–373. 

Corsi, F. (2009). A Simple Approximate Long-Memory Model of Realized Volatility, Journal 

of Financial Econometrics, vol. 7, no. 2, pp.174–196. 

Doukhan, P., Oppenheim, G. & Taqqu, M. (2002). Long-Range Dependence: Theory and 

Applications. 

Duffie, Darrell and Jun Pa. (1997) “An Overview of Value at Risk”. The journal of 

Derivatives, vol. 4, No. 3. pp.7-49. 

Engle, R. F. (1982). Autoregressive Conditional Heteroscedasticity with Estimates of the 

Variance of United Kingdom Inflation, Econometrica, vol. 50, no. 4, pp.987–1007. 

Engle, R. F. & Patton, A. J. (2007). 2 - What Good Is a Volatility Model?, in J. Knight & S. 

Satchell (eds), Forecasting Volatility in the Financial Markets (Third Edition), Third 

Edition., [e-book] Oxford: Butterworth-Heinemann, pp.47–63. 

Feri Trust GMBH. (2017). Harvesting the S&P500 Volatility Risk Premium. 

TheHedgeFundJournal, Profile Issue 121 

French, K., Schwert, G. W. & Stambaugh, R. (1987). Expected Stock Returns and Volatility, 

Journal of Financial Economics, vol. 19, no. 1, pp.3–29. 

Gencay, R., Selcuk, F. & Whitcher, B. (n.d.). Asymmetry of Information Flow Between 

Volatilities Across Time Scales, p.36. 

Gregoriou, G. N. (2009) Stock Market Volatility, 1 Edition. Routledge & CRC Press,  

Gurdip Bakshi, Nikunj Kapadia, Delta-Hedged Gains and the Negative Market Volatility Risk 

Premium, The Review of Financial Studies, Volume 16, Issue 2, April 2003, pp.527–

566, 

Hansen, P. R. & Lunde, A. (2005). A Forecast Comparison of Volatility Models: Does 

Anything Beat a GARCH(1,1)?, Journal of Applied Econometrics, vol. 20, no. 7, 

pp.873–889. 

Harry Markowitz. "Portfolio Selection." The Journal of Finance, Volume 7, No. 1, 1952, pp. 

77-91. 

Kambouroudis, D.S., McMillan, D.G. and Tsakou, K. (2016), Forecasting Stock Return 

Volatility: A Comparison of GARCH, Implied Volatility, and Realized Volatility 

Models. Journal of Futures Markets, 36: pp.1127-1163.  

Kahle, K. M. & Stulz, R. M. (2013). Access to Capital, Investment, and the Financial Crisis, 

Journal of Financial Economics, vol. 110, no. 2, pp.280–299. 

Keynes, J. M. (1936). The General Theory of Employment, Interest, and Money, p.190. 



Kisinbay, T. (2003). Predictive Ability of Asymmetric Volatility Models at Medium-Term 

Horizons. IMF Working Paper L.  

Lamoureux, C. G. & Lastrapes, W. D. (1990). Heteroskedasticity in Stock Return Data: 

Volume versus GARCH Effects. The Journal of Finance, Vol. 45, No. 1, pp.221-229 

Lamoureux, C. G. & Lastrapes, W. D. (1993). Forecasting Stock-Return Variance: Toward an 

Understanding of Stochastic Implied Volatilities, The Review of Financial Studies, 

vol. 6, no. 2, pp.293–326. 

Leland, H. E. (1968). Saving and Uncertainty: The Precautionary Demand for Saving. The 

Quarterly Journal of Economics, 82(3), pp.465–473. 

Li, S. & Yang, Q. (2009). The Relationship between Implied and Realized Volatility: 

Evidence from the Australian Stock Index Option Market, Review of Quantitative 

Finance and Accounting, vol. 32, no. 4, pp.405–419. 

Liu, W. & Morley, B. (2009). Volatility Forecasting in the Hang Seng Index Using the 

GARCH Approach, Asia-Pacific Financial Markets, vol. 16, no. 1, pp.51–63. 

Lochstoer, L. A. & Muir, T. (2020). Volatility Expectations and Returns, Cambridge, Mass: 

National Bureau of Economic Research. 

Mandelbrot, B. (1963). The Variation of Certain Speculative Prices, The Journal of Business, 

vol. 36,  

Mandelbrot, B. (1971). When Can Price Be Arbitraged Efficiently? A Limit to the Validity of 

the Random Walk and Martingale Models, The review of Economics and Statistics, 

53, issue 3, pp.225-236 

Mastro, D., (2014), Forecasting Realized Volatility: ARCH-type Models vs. the HAR-RV 

Model. 

Mazur, M., Dang, M. & Vega, M. (2021). COVID-19 and the March 2020 Stock Market 

Crash. Evidence from S&P1500, Finance Research Letters, vol. 38, p.101690. 

McDonald, J. B. & Newey, W. K. (1988). Partially Adaptive Estimation of Regression 

Models via the Generalized t Distribution, Econometric Theory, vol. 4, no. 3, pp.428–

457. 

Miller, E. F. (2010). Hayek’s the Constitutions of Liberty: An Account of Its Argument, 

London: Inst. of Economic Affairs. 

Montmort, Pierre Rémond (1713), Essay d'analyse sur les jeux de hazard (in French) 

(2nd ed.), Paris: Quillau, p.416 



Müller, U. A., Dacorogna, M. M., Davé, R. D., Olsen, R. B., Pictet, O. V. & von Weizsäcker, 

J. E. (1997). Volatilities of Different Time Resolutions — Analyzing the Dynamics of 

Market Components, Journal of Empirical Finance, vol. 4, no. 2, pp.213–239. 

NASDAQ 100 (^NDX) Charts, Data & News - Yahoo Finance. (2022). , Available Online: 

https://finance.yahoo.com/quote/%5Endx?ltr=1 [Accessed 7 February 2022]. 

Nelson, D. B. (1991). Conditional Heteroskedasticity in Asset Returns: A New Approach, 

Econometrica, vol. 59, no. 2, pp.347–70. 

Pagan, A. & Schwert, G. (1990). Alternative Models for Conditional Stock Volatility, Journal 

of Econometrics, vol. 45, no. 1–2, pp.267–290. 

Pilbeam, K. & Langeland, K. N. (2014). Forecasting Exchange Rate Volatility: GARCH 

Models versus Implied Volatility Forecasts, International Economics and Economic 

Policy, vol. 12, no. 1, pp.127–142. 

Pratt, J. W. (1964). Risk Aversion in the Small and in the Large, Econometrica, vol. 32, no. 

1/2, pp.122–136. 

Rabemananjara, R. & Zakoian, J. M. (1993). Threshold Arch Models and Asymmetries in 

Volatility, Journal of Applied Econometrics, vol. 8, no. 1, pp.31–49. 

Gideon Schwarz. (1978). Estimating the Dimension of a Model, The Annals of Statistics, vol. 

6, no. 2, pp.461–464. 

Shaikh, I.; Padhi, P. 2014. The forecasting performance of implied volatility index: evidence 

from India VIX, Economic Change and Restructuring 47(4): pp.251–274.  

Sinclair, E. (2013) Volatility Trading, 2nd Edition, Wiley.  

Smirlock, M. & Starks, L. (1988). An Empirical Analysis of the Stock Price-Volume 

Relationship, Journal of Banking & Finance, vol. 12, no. 1, pp.31–41. 

Spencer, H. (1851). Social Statics: Or, The Conditions Essential to Human Happiness 

Specified, and the First of Them Developed, London: John Chapman. 

Stulz, R. M. (2009). Six Ways Companies Mismanage Risk, Harvard Business Review 

Taylor, S. (1986) Modelling financial time series, International Journal of Forecasting, 4, 

issue 3, pp. 496-497. 

Trolle, Anders B. and Schwartz, Eduardo S., (2009), Unspanned Stochastic Volatility and the 

Pricing of Commodity Derivatives, Review of Financial Studies, 22, issue 11, pp. 

4423-4461. 

WHO Director-General’s Opening Remarks at the Media Briefing on COVID-19 - 11 March 

2020. (2022). , Available Online: https://www.who.int/director-



general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-

briefing-on-covid-19---11-march-2020 [Accessed 7 February 2022]. 

Wilhelmsson, A. (2006). Garch Forecasting Performance under Different Distribution 

Assumptions, Journal of Forecasting, vol. 25, no. 8, pp.561–578. 

Wilson, C. (2021) A Fourth Wave of COVID-19 Is Brewing in the U.S. | Time 

Zhang, L., Mykland, P. A. & Aït-Sahalia, Y. (2005). A Tale of Two Time Scales: 

Determining Integrated Volatility With Noisy High-Frequency Data, Journal of the 

American Statistical Association, vol. 100, no. 472, pp.1394–1411. 

 


