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Abstract

Volatility managing strategies have gained attention over the last few years due to their

alleged ability to increase portfolio return and mitigate risk. This thesis examines the

performance and risk of a portfolio using such a strategy on the Swedish equity market.

The strategy is dependent on the forecasting of volatility. Different volatility forecasting

models are evaluated using different refitting intervals. The GARCH(1,1) model using

a monthly refitting interval is found to be the most precise. When comparing it to the

buy-and-hold portfolio, the results of the risk and return of the portfolio are ambiguous,

and the volatility managing strategy is only found to be beneficial when using a fixed

volatility target when transaction costs are accounted for. Regarding distributional

characteristics, the volatility managing strategy displays features of a lighter-tailed

distribution in comparison to the buy-and-hold portfolio when using a dynamic volatility

target. However, for the fixed target, the distributional characteristics are incoherent.

Lastly, the volatility managing strategy is not found beneficial to the investor during

a shorter period of high volatility. This thesis provides support for using a volatility

managing strategy with a fixed volatility target for generating a higher return compared

to the benchmark. However, it does not support conclusive evidence for obtaining a

higher return without increasing the risk level of the investment.
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Sammanfattning

Användningen av volatilitets hanterande strategier har fått ökad uppmärksamhet under

de senaste åren. Därför undersöker detta arbete avkastningen och risken hos en portfölj

som använder en sådan strategi på den svenska aktiemarknaden. Investeringsstrategin är

baserad på prognosen av volatilitet. Olika modeller för volatilitets prediktion utvärderas

för olika tidsintervall för att hitta modellen med högst precision. Denna studie finner

att en GARCH(1,1) modell som omanpassar sig månadsvis resulterar i den mest exakta

prediktionen. Med hänsyn till risk och avkastning så är resultaten för volatilitetsstrategin

tvetydiga i jämförelse med en köp-och-behåll strategi. Volatilitets strategin är endast

fördelaktig när ett fast volatilitetsmål används då transaktionskostnader inkorporeras.

Med avseende på fördelningsegenskaper, så visar en volatilitetsstrategi med ett rörligt

volatilitetsmål på egenskaper hos en fördelning med lättare svansar, i jämförelse med

köp-och-behåll portföljen. För det fasta volatilitetsmålet så är fördelningsegenskaperna

inkoherenta. Volatilitetsstrategin är inte fördelaktig för investeraren under en kortare

period med hög volatilitet. Detta examensarbete ger underlag för användandet av en

volatilitets hanterande strategi med ett fast volatilitets mål för att uppnå en högre

avkastning i relation till referensportföljen. Det bevisar dock inte att en högre avkastning

går att uppnå utan att öka risken hos portföljen.

Nyckelord

ARCH, EGARCH, GARCH, GJR-GARCH, Avkastning, Risk, Volatilitet, Volatilitets

hanterande strategi
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Chapter 1

Introduction

1.1 Background

Investors are constantly searching for new investment strategies to improve portfolio

return and mitigate portfolio risk. Academia provides different theories concerning how

this is achieved most efficiently. There is no consensus regarding the construction of an

optimal investment strategy. During the last decades, there has been a growing body of

research investigating the subject and one emerging area is the application of volatility

managing strategies [10].

Volatility is a measure of dispersion of a security’s return and thus a higher volatility

implies a security with higher risk [37]. The core of volatility managing strategies is the

phenomena of volatility clustering. Volatility clustering enables the prediction of near-

term future volatilities using past values, despite the fact that past returns cannot be

used to predict future returns. In essence, volatility managing strategies aim to manage

volatility through targeting a determined volatility level by increasing exposure to the

equity market at times with low market volatility and decreasing the exposure when

volatility is high. The purpose of the strategy is to help investors manage their portfolio

risk and return [10].

Volatility managing strategies are based on the prediction of future volatilities and

the accuracy of the predictions. In previous studies, different forecasting models

have been implemented and investigated. For example, time series models such as

varieties of Autoregressive Conditional Heteroscedasticity (ARCH) and Generalized

1



CHAPTER 1. INTRODUCTION

Autoregressive Conditional Heteroscedasticity (GARCH) models have been tested due

to their characteristics of portraying conditional variance [41].

Researchers have argued that by adjusting the equity exposure inversely to the conditional

expectation of the volatility, a volatility managing strategy could help normalize the

distribution of the return. Consequently, these strategies can help remove kurtosis

from the returns due to their volatility stabilizing mechanisms. It has been argued

that volatility managing strategies can provide a risk-adjusted return that is higher in

comparison to a buy-and-hold portfolio benchmark. However, it has also been suggested

that volatility managing strategies should mainly be used due to their ability of mitigating

tail risk, rather than enhancing the risk-adjusted return [10]. Previous research has

mainly been performed on the American equity market. This thesis aims to test a

volatility managing strategy on the Swedish equity market, comparing the accuracy of

different volatility forecasting models.

This thesis finds that a GARCH(1,1) model using a monthly refitting window produces

the most precise forecast among the tested models and time frames. It further concludes

that a volatility managing strategy is beneficial for the investor in terms of return when

not accounting for transaction costs. When incorporating transaction costs, only a

volatility managing strategy using a fixed target generates a higher return than the buy-

and-hold benchmark. In terms of risk-adjusted return, the out-performance produced

by the volatility managing portfolio is diminished when accounting for transaction costs,

both for the fixed and dynamic volatility target.

The volatility managing portfolios’ effect on risk is incoherent in terms of distributional

characteristics. For the fixed volatility target, the portfolio produces a lower kurtosis

and a less negative skewness in comparison to the buy-and-hold portfolio. However, it

produces a higher value of the maximum drawdown, value at risk and expected shortfall.

For the dynamic target, the portfolio produces a less negative skewness, lower kurtosis,

maximum drawdown, value at risk and expected shortfall compared to the reference

portfolio, indicating a lighter-tailed distribution. When testing the robustness of the

model, it is found that the volatility managing strategy is not beneficial to the investor

in a shorter period of high volatility, compared to the buy-and-hold portfolio.

2



CHAPTER 1. INTRODUCTION

1.2 Purpose and Research Questions

The purpose of this thesis is to investigate return and risk characteristics of a volatility

managing strategy implemented on the Swedish equity market in comparison to a buy-

and-hold benchmark. Moreover, the aim is to compare different volatility forecasting

models and their accuracy. The main research questions to be examined are:

1) What is the most precise time series model for forecasting volatility?

2) Is a volatility managing strategy more beneficial to the investor in terms of return

compared to a buy-and-hold strategy and how does it affect the risk?

1.3 Scope and Delimitations

The thesis is limited to using two data sets of indices, representing one risky and one risk-

free asset. Only one investment strategy is used as benchmark. Further, the volatility

forecasting models are limited to the four most common time series models and four

accuracy measures found in previous research. The forecasting method is limited to

solely using a recursive refitting window and six different suitable refitting intervals. With

regards to the portfolio simulation, one fixed volatility target and one dynamic volatility

target are assessed. Additionally, only one fixed level of transaction costs is used. The

risk of the portfolios are limited to reviewing distributional characteristics.

1.4 Thesis Disposition

This paper will proceed with a literature review in section 2. The section provides relevant

background regarding volatility managing strategies and their limitations. Moreover,

different volatility forecasting models as well as accuracy measures are presented based

on previous findings. In section 3, the relevant mathematical framework is addressed.

Section 4 presents the portfolio theory and management used in the portfolio simulation.

The methodology is presented in section 5 focusing on the thesis’ two main parts,

forecasting of the volatility and the modelling of a volatility managing portfolio. Section

6 presents the results obtained by each forecasting model, followed by the results obtained

by the portfolio simulations. Section 7 provides answers to the research questions,

relevant conclusions and a final discussion.

3



Chapter 2

Literature Review

The subject of volatility managing strategies and the forecasting of volatility have

previously been examined and researched. This section provides an overview of former

literature on volatility managing strategies and volatility forecasting.

2.1 Volatility Managing Strategies

The main idea of a volatility managing strategy is to stabilize the portfolio’s realized

volatility by adjusting the portfolio’s exposure to the equity market in relation to a risk

measure, such as the volatility. By increasing the portfolio’s equity exposure when the

forecasted volatility is less than the target volatility of the portfolio and decreasing the

equity exposure when the forecasted volatility is higher than the target, it is theoretically

possible to stabilize the realized volatility of the portfolio [10]. The strategy implies that

an investor should take on higher risk when the market volatility is low and vice versa,

which is contrary to conventional wisdom [37]. The underlying theory of this strategy

is that past volatility enables the prediction of future volatility, due to the phenomenon

of volatility clustering, which is that high volatility in the market in the recent past

indicates on high volatility in the near future and vice versa. This makes it possible to

forecast near-term risk [22].

A study conducted by Moreira and Muir concluded that a volatility managing strategy

produced an excess return compared to the market, as well as a higher Sharpe ratio [37].

More specifically, it was found that Sharpe ratios were higher with volatility scaling

for risky assets such as equities and credit. Likewise, the Sharpe ratio was higher

4



CHAPTER 2. LITERATUREREVIEW

for portfolios with a substantial allocation to the risky assets [22]. Moreover, it was

found that a volatility managing strategy decreased the likelihood of extreme returns

due to its ability to cut both the right and left tail of the distribution. This is of

value to the investor since it decreases the risk of large losses. A volatility managing

strategy also has the potential to decrease the volatility of the volatility, as well as

the maximum drawdown of the portfolio. Further research introduced by Harvey and

co-workers showed that a volatility managing portfolio decreased the kurtosis of the

portfolio, consequently resulting in lighter tails [22]. Moreover, Dreyer and Hubrich found

that a volatility managing portfolio had a more positive skewness compared to a static

benchmark of the raw equity market [10]. Continuing on Moreira and Muir’s studies, their

research suggested that a volatility managing portfolio produced large values of Jensen’s

alpha while being exposed to less risk. This positive effect in alpha declined when the

rebalancing period increased, due to it being more difficult to forecast volatility for larger

time horizons [37].

Further studies have tried to delineate which assets and asset allocations this strategy is

most beneficial for. Recently it has been suggested that a volatility managing strategy

and its effects are specific to risky assets or portfolios with a sizable allocation to them.

Hence, it was concluded that the effects should not be extrapolated or generalised to other

assets [22]. It has also been of interest to examine the results of such a strategy during

periods of crisis. Moreira and Muir, who introduced the concept of volatility scaling

suggested that the strategy works well during periods such as the Great Depression, the

Great Recession, and the 1987 stock market crash, where the tested volatility managing

portfolio took on less risk during these recessions [37].

2.1.1 Limitations of Volatility Managing Strategies

Although there are benefits to volatility managing strategies, there are also limitations.

First of all, perfect volatility prediction is unrealistic since the real volatility is

unobservable and a proxy is needed to estimate it. Therefore, the quality of the strategy

is dependent on assumptions made and the modelling of the volatility forecast [20].

Secondly, a problem regarding volatility managing strategies is the practical

implementation and the associated transaction costs. Research pursued by Dreyer and

Hubrich stated that the improvements in risk-adjusted return and the tail-risk reduction

5
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created by a volatility management strategy remained when transaction costs were

incorporated [10]. Thus, it is stated that investors can benefit from a volatility managing

strategy even if they are exposed to realistic transaction costs [37]. However, transaction

costs are found to decrease the positive effects on return generated by active portfolio

management strategies [8]. It is therefore of interest to test whether transaction costs

diminish the potential outperformance of a volatility managing portfolio.

Lastly, Bongaerts and co-workers stated that a volatility managing strategy mainly

was beneficial during times of high volatility with significant clustering. The authors

suggested that the benefits were concentrated to high volatility circumstances due to the

correlation between realized volatility and future return being significantly more negative

compared to the correlation in lower volatility states. Hence, it is of importance for the

investor to be selective when using the strategy due to these limitations [4].

2.2 Volatility Forecasting

Volatility forecasting is an essential part of risk and asset management since securities

in general are affected by changes in volatility. The lack of accurate prediction and

estimation of the risk could lead to losses for the investor by being overly exposed to

market fluctuations [6]. Existing literature provides conflicting evidence regarding stock

market volatility forecasts and their accuracy [12].

Two of the most frequently occurring volatility forecasting categories are time series

volatility forecasting and stochastic volatility forecasting. In the category of time series

models, there are simple prediction models based on past standard deviations as well as

more sophisticated time series models, such as ARCH class conditional volatility models.

These models use the conditional variance of returns by utilizing a maximum likelihood

procedure. In these models, the conditional variance is known at time t − 1 which

enables a one-step ahead forecast. By using an iterative procedure, the models can be

extended for multiple step forecasts [45]. Time series forecasting models were found to

perform optimally when using the longest available data series [6]. In stochastic volatility

forecasting models, volatility is modelled as a stochastic variable. Using stochastic

modelling for volatility leads to a fat tailed distribution for returns and the volatility

noise term in this model makes the stochastic representation flexible. Consequently,

the stochastic volatility model has no closed form and can therefore not be directly

6
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estimated through a maximum likelihood procedure [45]. This thesis will focus on time

series volatility forecasting models.

2.2.1 ARCHModel

Autoregressive Conditional Heteroskedastic model (ARCH) is one of the simplest time

series models for modelling conditional variance. The ARCH model describes the

conditional variance by taking time variation into consideration and it reflects the

observation that the volatility is not constant. Moreover, the model accounts for volatility

clustering. It reflects that certain periods in the market are riskier than others and the

fact that these periods are not randomly dispersed over time [39].

Previous studies explain the benefits of using the ARCH-models for volatility forecasting

of stock indices. In a study regarding forecasts of stock indices using the ARCH-

model conducted by Masukujjaman, it was shown that the ARCH model significantly

outperformed other models when examining DSE indices. The study compared the

ARCH model of different orders to GARCH, EGARCH, PARCH and TARCH models.

The ARCH model displayed the lowest mean absolute percentage error as well as the

lowest root mean square error implying that it was the most accurate forecast among the

investigated models [33].

However, the ARCH model has inherent limitations. The ARCH model is symmetric

which implies that negative and positive shocks have the same effect on the volatility.

This is due to its dependency on the square of the previous shock. Hence, it does not

take the asymmetric effects of negative and positive shocks into consideration, which is a

simplification of reality [35]. The ARCH model responds slowly to large isolated shocks

to the return series and therefore has a risk of overpredicting the volatility. Lastly, the

ARCH model is restrictive in its parameter intervals which is a limitation [34].

2.2.2 GARCHModel

Previous research suggests that it may be beneficial to expand the traditional ARCH

model to the Generalized Autoregressive Conditional Heteroskedastic model (GARCH)

to include more information in the stochastic prediction. The concept was introduced

by Engle et al. who have conducted many studies within the topic. One typically used

model is the GARCH(1,1), where the first number refers to how many autoregressive

7
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lags that appear, and the second number refers to the number of moving average lags

specified. The GARCH(1,1) model is frequently used for forecasting since it has been

suggested to be the simplest and most robust among volatility models. Additionally, the

GARCH model is able to capture volatility clustering [12].

In practice, GARCH models are generally preferred over ARCH models due to their

ability to be more parsimonious, which is explained by the fact that it only has

three parameters, allowing for an infinitive number of squared roots to influence the

current conditional variance. GARCH models have a more general feature of conditional

heteroskedasticity compared to the ARCH models [34]. In addition, previous research

suggests that the main difference between ARCH and GARCH models is that the

extra term in the GARCH model makes it less plausible to break the non-negativity

constraint that the model has [29]. Furthermore, studies have found that extending the

GARCH(1,1) model did not provide more successful predictions. Lunde and Hansen

stated this in 2005, where their study gave no evidence that a GARCH(1,1) was

outperformed by more sophisticated models of higher orders [21].

2.2.3 EGARCHModel

ARCH and GARCH models can both model volatility clustering. However, they assume

that negative and positive shocks have the same effect on the volatility. To overcome

this weakness, the Exponential Generalized Autoregressive Conditional Heteroskedastic

model (EGARCH) was developed by extending the GARCH model [40]. The EGARCH

model is an asymmetric model where the conditional variance is expressed as an

asymmetric function of past errors [36]. This extension can capture the aforementioned

asymmetry effect of positive and negative shocks as well as mean reversion and volatility

persistence. This is desirable since it allows the volatility to have a more immediate

reaction to changes in the values [34]. Moreover, since the EGARCH model specifies

conditional variance in the logarithmic form, there is no need for estimation constraints

to avoid negative values [45].

2.2.4 GJR-GARCHModel

A further expansion is the Glosten-Jagannathan-Runkle Generalized Autoregressive

Conditional Heteroskedastic model (GJR-GARCH) that is similar to the EGARCH

8
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model. As mentioned above, negative and positive shocks as well as the magnitude of the

shocks have asymmetric effects on the return series, which the GJR-GARCH model takes

into account. To capture the asymmetric effects, the returns are modelled with skewed

distributions [16]. There is evidence that GARCH models that allow asymmetries in

the volatility had a more accurate prediction of the volatility [3]. However, a study

by Franses and van Dijk indicated that the asymmetric GJR-GARCH models were not

recommended for volatility forecasting [13].

2.2.5 Model Limitations and Comparisons

An overall problem when using ARCH class models is the assumption of stationarity.

Stationarity is the phenomena that the statistical properties of the process generating a

time series are constant. This can decrease the prediction accuracy of the model when

there are changes in volatility level. Due to this, parameter estimation can become

unstable when the time period of the data set is too short or when there is a change in

volatility level [45].

Further, a challenge when modelling conditional variance through the aforementioned

models could be choosing the orders and whether to use more sophisticated models or

simpler variations, such as a GARCH(1,1) model or an ARCH(1) model. Lunde and

Hansen performed a study testing 330 ARCH-type models for exchange rate data and

found that the GARCH(1,1) model was never outperformed. Hence, the conclusion

from their research was that more sophisticated, extended versions with higher orders

did not outperform simpler models [21]. There are other studies within the field also

suggesting that simpler mathematical models hold better long term [19]. For emerging

stock markets, there is supporting evidence that the GARCH(1,1) model is superior

to the EGARCH(1,1) model, even if the return series has a skewed distribution [17].

Furthermore, McMillan and Speight claimed that the GARCH(1,1) model outperformed

the EGARCH(1,1) model when forecasting volatility of a stock index [36].

In contrast, there are other studies providing evidence that the GARCH(1,1) model is

outperformed by asymmetric GARCH models, such as the EGARCH and GJR-GARCH

models. Awarti and Corradi stated that this conclusion held for both one-step ahead

pairwise comparison as well as for longer forecast horizons where asymmetric models had

higher prediction accuracy [3]. In general, it has been suggested that models such as

9
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the EGARCH and GJR-GARCH models, that allow for volatility asymmetry, have high

prediction accuracy due to the strong negative correlation between shocks and volatility.

Furthermore, a study performed by Ramasamy and Munisamy concluded that the GJR-

GARCH model outperformed the GARCH model when predicting volatility of stock

indices [45].

Ramasamy and Munisamy, specifically examined volatile data, focusing on exchange

rates. They concluded that GARCH models more efficiently captured the rapid changes

in volatility in comparison to the GJR-GARCH and EGARCH models. Moreover, with

the usage of volatile data it was noted that the asymmetric effect incorporated in the

GJR-GARCH and EGARCH models did not improve the results and it was summarized

that the data and its characteristics were of importance when choosing forecasting model

[47]. Overall, there are different conclusions regarding which model works best under

different error statistics, sampling schemes, time periods and types of assets [45].

2.3 Forecasting Accuracy Measures

To evaluate a conducted forecast, appropriate accuracy measures are needed. The most

frequently used accuracy measures in the literature studied for the thesis are Mean Error

(ME), Mean Square Error (MSE), Root Mean Square Error (RSME) and Mean Absolute

Error (MAE) [45].

A study conducted by Carbone and Armstrong at the University of Pennsylvania included

a survey to academics and practitioners on which accuracy measures they used. In the

study, 145 replies were gathered from 70 academics and 75 practitioners, where ease of

implementation, ease of interpretation and cost/time were used as reasons for choosing

the forecast accuracy measure. The results showed that MSE, MAPE and MAE were

the most frequently used measures [7]. However, there are studies refuting commonly

used accuracy measures such as the MSE, stating that the empirical evidence supporting

these does not provide a valid representation of the real data. Moreover, Armstrong and

Fildes suggested that the MSE is inappropriate when comparing forecasting methods

between different time series. Instead, they claimed that the RMSE is preferred over the

MSE since its result is on the same scale as the original data [2]. The RMSE and the

MSE have been popular over time due to their theoretical relevance in statistics. One

disadvantage of RMSE and MSE could be that they are more sensitive to outliers in

10
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comparison to the MAE which has been used as an argument to not use them with large

data sets containing many outliers [26].

A disadvantage of the MAPE measure is that it may produce undefined or infinite values

for values close to zero or zero [27]. An alternative measure proposed to replace the MAPE

measure is the Mean Absolute Deviation (MAD). This has been suggested as a preferred

measure of dispersion, in particular when measuring prediction errors in the same unit

as the original time series. Moreover, the MAD has been suggested as an improvement

of the standard deviation. Benefits of the MAD are the difficulties of manipulating the

value as well as its intuitive and simple approach [18].

There are many deviating opinions and research on which forecasting accuracy measures

are the most appropriate, depending on data sets and methods used. However, the MSE,

MAE, RMSE, MAPE and MAD are found to be the measures most commonly used in

literature and in previous studies.
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Chapter 3

Time Series Analysis and Forecasting

In this section the mathematical framework used in this report will be thoroughly

described.

3.1 Data and Pre-processing

3.1.1 Asset Return

The daily log return of a stock on day t, is defined as

Zt = Xt −Xt−1 (3.1)

where Xt = log(Pt) is the log asset price and Pt is the asset price at the closing of day t

[5].

3.1.2 Time Series Model and Stationarity

Let {Xt} be a time series with E(X2
t ) < ∞. The mean function of {Xt} is then given

by

µx(t) = E(Xt). (3.2)
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and the covariance function of {Xt} is defined

γx(r, s) = Cov(Xr, Xs) = E[(Xr − µx(r))(Xs − µx(s))] (3.3)

for all integers r and s .

Stationarity

The time series {Xt} is weakly stationary if equation 3.4 and 3.5 holds [5].

µx(t) is independent of t (3.4)

γx(t+ h, t) is independent of t for each h (3.5)

Decomposition

The classical decomposition of an additive time series model can be written through the

following expression

Xt = mt + st + Yt (3.6)

with t = 1, ..., n, wheremt is the trend component, st is a seasonal component with known

period d and {Yt} is a random noise component that is weakly stationary. Additionally,

E(Yt) = 0, st+d = st and
∑d

j=1 sj = 0.

A time series {Xt} can also be expressed through a multiplicative decomposition with

the same components. This is expressed as [5]

Xt = mt ∗ st ∗ Yt (3.7)

It is possible to visually perceive if a time series is additive or multiplicative. Furthermore,

a multiplicative time series can be converted to additive by taking the logarithm of the

time series [46].
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3.1.3 The ARMA Process

The Autoregressive Moving Average process is a linear process, defined by linear difference

equations with constant coefficients.

{Xt} is an ARMA(p,q) process if {Xt} is stationary and if for every t ,

Xt − Φ1Xt−1 − ...− ΦpXt−p = Zt + θ1Zt−1 + ...+ θqZt−q (3.8)

where {Zt} ∼ WN(0, σ2) and the polynomials (1−Φ1z−...−Φpz
p) and (1+θ1z+...+θqz

q)

have no common factors. The process is said to be an ARMA(p,q) process with mean µ

if {Xt − µ} is an ARMA(p,q) process [5].

A stationary solution {Xt} exists and is unique if and only if Φ(z) = 1−Φ1z−...−Φpz
p ̸= 0

for all |z| = 1. In other words, the requirement is that there are no unit roots [5].

3.1.4 Stationarity Tests

There are multiple stationary tests used to investigate whether or not a time series is

stationary. A time series is non-stationary if unit roots exists in the time series. A unit

root exists when the autoregressive or moving average polynomial of an ARMA model

has a root on the unit circle [5].

Augmented Dickey-Fuller Unit Root Test (ADF Test)

Let X1, . . . , Xn be observations from an AR(p) model of order p and mean µ. This

can be written as

Xt − µ = ϕ1(Xt−1 − µ) + ...+ ϕp(Xt−p − µ) + Zt (3.9)

with {Zt} ∼ WN(0, σ2) and the coefficients such that ϕ(z) = 1−ϕ1z− ...ϕpz
p is nonzero

for | z |≤ 1.

This model can be rewritten as [5]

∇Xt = ϕ∗
0 + ϕ∗

1Xt−1 + ϕ∗
2∇Xt−1 + ...+ ϕ∗

p∇Xt−p+1 + Zt (3.10)
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where

ϕ∗
0 = µ(1− ϕ1 − ...− ϕp) ,

ϕ∗
1 =

∑p
i=1 ϕi − 1 and

ϕ∗
j = −

∑p
i=j ϕi, j = 2, ..., p

and ∇Xt is the differenced time series. With this, the hypothesis test is constructed with

the hypotheses

H0 : ϕ
∗
1 = 0

H1 : ϕ
∗
1 < 0

with the the t-ratio test statistic τ̂µ := ϕ̂∗
1/ŜE(ϕ̂

∗
1) [5].

The null hypothesis indicates that the data is non-stationary. Hence, if the ADF test

value is smaller than the critical value p, the data does not contain a unit root, which

indicates stationarity in the time series.

The Kwiatkowski, Phillips, Schmidt and Shin test (KPSS Test)

A further hypothesis test proposed for indicating stationarity is the KPSS test. In the

KPSS model, a series of observations can be represented as

Xt = ξtd + rt + ϵt (3.11)

with

rt = rt−1 + ut (3.12)

where {Xt} denotes the observed time series at time t, td denotes a deterministic trend,

rt is a random walk process, ϵt is an error term that by assumption is stationary and

ut denotes the error term that is a series of identically distributed independent random

variables of expected value equal to zero and constant variance σ̂2
u.

In this case the hypothesis are as follows

H0 : σ
2
u = 0
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H1 : σ
2
u > 0

In this case the null hypothesis indicates stationarity since there would be no indication

of any unit root [50].

Let et, t = 1, ...T denote the estimated errors from the regression performed on {Xt} at a

constant time t, and σ̂2
t denote estimates of variance, which is equal to the sum of errors

squared divided by the number of observations. Then the partial sums of errors can be

written as [50]

St =
t∑

i=1

ei,with t =, 1, ...T (3.13)

Then the Lagrange multiplier test statistic is defined as

LM :=
T∑
t=1

S2
t /σ

2
ϵ (3.14)

Phillips-Perron Test (PP Test)

The Phillips-Perron Unit Root test was developed to test the existence of unit roots.

This is a nonparametric approach that allows for a wide class of time series models. This

method is proposed to have advantages to the ADF procedure when there is a moving

average component in the time series. The PP test differs from the ADF test in how it

handles heteroskedasticity and serial correlation in the errors.

The test is similar to the ADF test and usually gives the same conclusion. However, the

calculations of the test statistics are more complex [43].

Consider a time series {Xt} and the model

Xt = θ0 + ϕXt−1 + at (3.15)

where at is a serially correlated factor. The PP test equation then is defined through the

16



CHAPTER 3. TIME SERIES ANALYSIS AND FORECASTING

differences time series as

∇Xt = θ0 + δXt−1 + at (3.16)

with the following hypothesis to test

H0 : δ = 0

H1 : δ < 0

The null hypothesis indicates that the series possesses a unit root and hence that the

time series is non-stationary.

The PP test corrects for any serial correlation and heteroskedasticity in the at terms.

This is achieved by modifying the test statistics into

Zt :=

 
σ̂2

λ̂2
tδ − 0.5(

λ̂2 − σ̂2

λ̂2
)(
n ∗ SE(δ̂)

σ̂2
) (3.17)

and

Zδ := nδ̂ − 0.5
n2(SE(δ̂))

σ̂2
(λ̂2 − σ̂2) (3.18)

with n being the number of data points in the time series and λ̂ and σ̂ are estimates of

the variance parameters defined as [43]

σ2 = limn→∞n
−1

n∑
t=1

E(a2t )

λ2 = limn→∞

n∑
t=1

E(
1

n

n∑
t=1

a2t )

3.1.5 ARCH Lagrange Multiplier Test

The standard methods for modelling the dynamics of volatility in finance are the ARCH

and GARCH models. To use these models, one first has to assess the presence of ARCH
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and/or GARCH effect in the time series. This is usually conducted by using the Lagrange

Multiplier test [15].ť

Let a linear regression model with ARCH(p) innovations be defined as

yt = X1tγ1 + ...+Xstγs + ϵt (3.19)

where X1t, ...Xst are lagged endogenous and exogenous variables in ψt, where ψt is the

information available at time t and γ1, ..., γs are unknown parameters. It is assumed that

the model satisfies the standard conditions of stationarity and/or stability and uniform

asymptotic negligibly [15].

Let ϵt follow an ARCH(p) process such that

Zt =
√
htet (3.20)

ht = α0 +

p∑
i=1

αiϵt−
2
i (3.21)

where et are independent and identically distributed random variables with E(et) = 0,

E(e2t ) = 1 and E(e4t ) <∞.

Let

vt = ϵ2t − ht = ht(e
2
t − 1) (3.22)

where vt is white noise. With this, the ARCH(p) model can be written in a linear

autoregressive (AR) form as [15]

ϵ2t = α0 +

p∑
i=1

αi ∗ ϵ2t−2
i + vt (3.23)

To determine if ARCH effects exists in ϵt and yt, the null hypothesis of no conditional

heteroscedasticity is tested

H0 : α1 = ... = αp = 0

against the hypothesis
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Ha : at least one αi ̸= 0, i = 1, ..., p

Given a sample of observations (y1, ..., yn) with the corresponding x-values (X1, ..., Xn),

the least square estimate of γ in formula 3.19 is obtained by

γ̂ = (X ′X)−1X ′Y (3.24)

Where X = (x1, ..., xn)
′ and Y = (y1, ..., yn)

′ [15]

Denote the squared residuals zt = ϵ̂2t where ϵ̂t = yt − Xtŷ and define Z = (z1, ..., zn)
′,

Z̄ = (z̄1, ..., z̄n)
′, Ut = (zt−1 − z̄n, ..., ztp − z̄n) as n x 1- vectors and let U = (U1, ..., Un)

′

be a nxp matrix where z̄n = 1
n

∑n
t=1 zt

Then the Lagrange multiplier test statistic Tn is defined as [15]

Tn :=
(Z − Z̄)′U(U ′U)−1U ′(Z − Z̄)

n−1(Z − Z̄)′(Z − Z̄)
(3.25)

3.1.6 Ljung-Box Q-Test

The Ljung-Box Q-test is used to examine the quality of the fit of a time series model.

The test is applied to a time series’ residuals after fitting an ARMA(p,q) model to the

data. The test examines the time series residuals’ autocorrelation [30].

Let {Yt} be a time series generated by a stationary and invertible ARMA(p,q) model

such that

Xt − Φ1Xt−1 − ...− ΦpXt−p = Zt + θ1Zt−1 + ...+ θqZt−q (3.26)

where {Zt} ∼ WN(0, σ2). When a model of this form has been fitted to an observed

series y1, ..., yn, the quality of fit of the model can be checked by examination of the

residuals’ autocorrelations.

To further evaluate the autocorrelation of the residuals the Q-test statistics of the Ljung-
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Box test is defined as

Qk := n(n+ 2)
m∑
k=1

r̂2k
n− k

(3.27)

where r̂2k is the estimated autocorrelation of the time series at lag k while m is the number

of lags being tested. The Qk follows a χ2
m distribution.

The hypothesis then are

H0 : r̂2k = 0

H1 : r̂2k ̸= 0

In other words, the null hypothesis indicates that the data is independently distributed

and the alternate hypothesis implies that the data is not independently distributed and

there are signs of exhibiting serial correlation [30].

3.2 Forecast and Evaluation

3.2.1 Volatility

There are different proxies for calculating the historical volatility of a time series. One

approach is to calculate a moving average as an estimator of the volatility, corresponding

to the standard deviation. In other words, the historical volatility of a series of stock

prices can be calculated through a n-period rolling window moving average estimator of

the volatility which corresponds to the standard deviation. The formula is as follows

σ̂t+1 =

Ã
1

n

t∑
s=t−n+1

(zs − z)2 (3.28)

where zs is the log return at period s, n is the sample size and

z =
1

n

n∑
i=1

(zi) (3.29)

is the sample mean [49].
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3.2.2 The ARCH(p) model

To model changing volatility, the Autoregressive Conditional Heteroscedasticity

ARCH(p) of order p was introduced to define conditional variance [5]:

Zt =
√
htet (3.30)

where {et} ∼ IID N(0, 1) and ht is the positive function of {Zs}, s < t, defined by

ht = α0 +

p∑
i=1

αiZ
2
t−i (3.31)

where α0 > 0 and αj ≥ 0, j = 1, ..., p, ht is the conditional variance of Zt given Zs with

s < t and {et} is white noise. The order p of the ARCH(p) model can be determined

by the sample partial autocorrelation function (PACF) of the squared returns, where the

sample PACF should be different from zero for lags greater than p. With this, one can

recursively calculate the future volatility in terms of the squares of the model residuals

[5].

3.2.3 The GARCH(p,q) model

The General Autoregressive Conditional Heteroscedasticity GARCH(p, q) of order p and q

is the generalization of the ARCH(p) process where the variance equation 3.31 is replaced

by [5]

ht = α0 +

p∑
i=1

αiZ
2
t−i +

q∑
j=1

βjh
2
t−j (3.32)

with α0 > 0, αi with i = 1, .., p and βj ≥ 0 with j = 1, .., q. To incorporate heavier tailed

zero-mean distributions such as the student’s t distribution one can define a general

GARCH(p, q) as a stationary process {Zt} satisfying equation 3.32 and

Zt =
√
htet (3.33)
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where et ∼ IID(0, 1). In general it is assumed that

et ∼ N(0, 1) (3.34)

or …
v

v − 2
et ∼ tv, v > 2 (3.35)

where tv denotes a student t-distribution with degrees of freedom [5].

A critical difference between the ARCH and GARCH models is that the conditional

distribution of the conditional variance ht given hs, s < t is independent of es, s < t.

Furthermore, one feature that is reflected in the GARCH model is the persistence of

volatility which is the phenomena that fluctuations in the data usually are followed by

fluctuations of similar magnitude. This is reflected in the GARCH model by incorporating

correlation in the sequence of the conditional variance ht [5].

3.2.4 The EGARCH(p,q) model

Negative and positive shocks have an asymmetric effect on financial volatility. Neither

the ARCH nor GARCH model is able to capture this since they both assume that

different sign shocks have the same impact on volatility. The Exponential Generalized

Autoregressive Conditional Heteroscedasticity model EGARCH(p,q) of order p and q as

an extention of the GARCH model was introduced to overcome this. The EGARCH(p, q)

model uses the natural logarithmic value of the dependent variable [5].

To illustrate an EGARCH(1,1)-process consider {Zt} defined by

Zt =
√
htet (3.36)

where {et}∼ IID(0, 1)

Additionally, ℓt := ln(ht) is the weakly and strictly stationary solution of

ℓt = c+ α1g(et−1) + γ1ℓt−1 (3.37)
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with c ∈ R, α1 ∈ R, | γ1 |< 1, and

g(et) = et + λ(| et | −E | et |) (3.38)

and et has a symmetric distribution around zero.

Equation 3.38 can then be rewritten as

g(et) =

(1 + λ)et − λE | et | if et ≥ 0

(1− λ)et − λE | et | if et < 0
(3.39)

To make this more general the EGARCH(p, q) process can be obtained by replacing 3.37

for ℓt := ln(ht) by

ℓt = c+ α(B)g(et) + γ(B)ℓt (3.40)

where α(B) =
∑p

i=1 αiB
i and γ(B) =

∑q
i=1 γiB

i [5].

3.2.5 The GJR-GARCH(p,q) model

Based on the previously mentioned GARCH assumptions

Zt =
√
htet (3.41)

one can model a general Glosten-Jagannathan-Runkle Generalized Autoregressive

Conditional Heteroskedastic model GJR-GARCH(p, q) through the conditional

variance

ht = α0 +

q∑
i=1

αiZ
2
t−i +

q∑
i=1

γi(Z
2
t−iIt−i(Zt−i < 0)) +

p∑
j=1

βjht−j (3.42)

where It−i = 1 if Zt−i < 0 and It−i = 0 if Zt−i ≥ 0 and p ≥ 0, q ≥ 0, α0 ≥ 0, αi ≥ 0,

βj ≥ 0, i = 1, 2, 3...p and j = 1, 2, 3...q [1].
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Hence, for the specific GJR-GARCH(1,1) case, the time series is modelled by [1]

ht = α0 + (α1 + γ1It−1)Z
2
t−1 + β1ht−1 (3.43)

3.2.6 Performance Measures

Mean Square Error

Let n represent the number of data points in the data set, xi represent the predicted

value and x̂i represent the observed value. Then the mean squared error (MSE) is defined

as

MSE =
1

n

n∑
i=1

(xi − x̂i)
2 (3.44)

A low mean squared error indicates that the predicted values are close to the real observed

values [11].

Root Mean Square Error

With the same definitions as in the mean squared error section the root mean square

error can be defined as [23]

RMSE =

Ã
1

n

n∑
i=1

(xi − x̂i)
2 (3.45)

Mean Absolute Error

Let n represent the number of data points in the data set, xi represent the predicted value

and x̂i represent the observed value. Then the mean absolute error (MAE) is defined

as

MAE =
1

n

n∑
i=1

| xi − x̂i | (3.46)

This measurement is less sensitive to extreme values in comparison to the mean square

error [11].
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Median Absolute Deviation

Let X = (x1, ....xn) represent a time series with n data points, where xi is the data point

at time i and i = 1, ...n. Let the median of the data set be defined as

m = median(x1, ..., xn)

Then the median absolute deviation (MAD) is defined as [25]

MAD = median(| xi −m |, i = 1, ...n) (3.47)
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Chapter 4

Portfolio Theory and Management

This section describes the theory regarding portfolio management used in the report. It

explains the portfolio procedure suggested and the model setups.

4.1 Portfolio Theory

To construct the portfolio, basic investment principles are assumed, where the monetary

portfolio weights of the current and future portfolio weights could be expressed such

that

w0 +
n∑

k=1

wk ≤ V0 (4.1)

where w0 is the monetary weight in the risk-free asset, wk is the k:th portfolio weight of

the k:th position of the risky assets and V0 is the initial capital [24].

V1 represent the portfolio value at time 1 and is defined as

V1 = w0R0 +
n∑

k=1

wk
Sk
1

Sk
0

(4.2)

where Sk
1 is the stock value of the k:th asset at time 1, Sk

0 is the stock value of the k:th

asset at time 0 and R0 is the return of the risk-free asset [24].
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Then the expected value of the portfolio value is given by

E[wTR+ w0R0] (4.3)

with wT being the transposed vector of the weights invested in risky assets and R is a

vector of the returns of the risky assets [24].

4.2 The Volatility Managing Portfolio

The following theory forms the volatility managing portfolio and is based on the work by

Perchet et al. describing volatility managing strategies [42]. The constructed portfolio

described contains one risky and one risk-free asset.

The weight wr,t invested in the risky asset is based on the selected volatility target and

the forecasted volatility and is calculated as

wr,t =
σtarget
σ̂t

(4.4)

where σtarget is the target volatility of the portfolio and σ̂t is the forecasted volatility at

time t. The weight invested in the risk-free asset wrf ,t is then obtained by

wrf ,t = 1− wr,t (4.5)

Following this, the return of the volatility managed portfolio rp,t at time t is defined

as

rp,t = wr,trr,t + wrf ,trrf ,t (4.6)

where rr,t is the return of the risky asset at time t, and rrf ,t is the return of the risk-free

asset at time t [42].
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4.2.1 Transaction Costs

To evaluate how a portfolio would perform in practice, transaction costs must be included.

To calculate the transaction costs, the portfolio turnover is calculated as [14]

Tt =| wrf ,t − wrf ,t−1 | + | wr,t − wr,t−1 | (4.7)

Then, the transaction cost for the portfolio at time t is

Ct = Ttf (4.8)

where f is the percentage of transaction fees. Hence, the portfolio return after fees rpf ,t

is calculated as

rpf ,t = rp,t − Ct (4.9)

4.3 Buy-and-Hold Portfolio

A buy-and-hold strategy is a passive investment strategy with fixed allocation of the

assets. The return of a buy-and-hold portfolio rbh,t at time t is therefore obtained by

rbh,t = wr,bhrr,t + wrf ,bhrrf ,t (4.10)

using the return of the risky asset rr,t and the return of the risk-free asset rrf ,t at time t

and where wr,bh is the fixed portfolio weight invested in the risky asset and wrf ,bh is the

fixed weight invested in the risk-free asset [20].
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4.4 Performance Measures

4.4.1 Sharpe Ratio

To evaluate the performance of a portfolio, the Sharpe ratio can be calculated. The

Sharpe ratio measures the excess return per unit of risk [48].

S =
rp,t − rf ,t
σp,t

(4.11)

The return of the portfolio is rp,t, the risk-free rate is rf ,t and σp,t is the standard deviation

of the portfolio’s excess return at time t.

4.4.2 Jensen’s Alpha

To test the potential out-performance of a portfolio, the Jensen’s alpha α can be

examined. Jensen’s alpha measures the portfolio’s performance compared to the market’s

performance by

rp,t − rf ,t = α + β(rm,t − rf ,t) + ϵt (4.12)

where rp,t is the return of the portfolio, rf ,t is the risk-free rate, rm,t is the return of

the market index at time t, β is the portfolio’s sensitivity to the market and α is the

expected excess return of the portfolio when the excess return of the market is zero. A

positive value of α indicates an out-performance of the portfolio [44].

4.5 Distributional Characteristics

4.5.1 Kurtosis

Kurtosis is a statistical measure of tail heaviness. It defines how the tails of a specific

distribution differs from the normal distribution’s tails. The definition of the sample

kurtosis is

Kurt(X) =
1

(n− 1)

∑n
i=1(xi − x)4

σ̂4
− 3 (4.13)

where X is a random variable generating a sample size n, xi is data point i, x is the mean
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of the sample and σ̂ is the approximated standard deviation. A normal distribution has a

kurtosis of three. Therefore, three is subtracted from the formula, resulting in a kurtosis of

zero for a normally distributed variable. A higher kurtosis corresponds to a distribution

with heavier tails and more extreme values in comparison to the normal distribution.

Likewise, values lower than zero indicate a more narrow distribution [38].

4.5.2 Skewness

Skewness describes asymmetry in a distribution. A perfectly symmetrical distribution

has zero skewness. Negative skewness implies that the distribution is skewed to the left

and positive skewness implies that the distribution is skewed to the right. The measure

of skewness is defined as

S(X) =
1

n− 1

∑n
i=1(xi − x)3

σ̂3
(4.14)

where X is a random variable generating a sample size n, x is the mean of the sample,

xi is data point i and σ is the approximated volatility [38].

4.5.3 Quantile-Quantile Plot

Quantile-Quantile (QQ) plots are a tool used to evaluate the distributional assumptions

of a data set, where the main objective is to determine if two data sets come from the

same distribution. The QQ plot is constructed by plotting the theoretical quantiles,

F−1(Fn(xi)) of a sample x1, ...xn against the sample quantiles x(i). If the empirical

distribution, Fn, is consistent with the theoretical distribution, F , the data points in

the QQ plot will be linear. The QQ plot can be right- or left-skewed, where skewness

indicates heavy tails in the distribution compared to the reference distribution [31]. The

points of the QQ plots can be defined as

{F−1(
n− k + 1

n+ 1
), F−1

n (
n− k + 1

n+ 1
) : k = 1, .., n} (4.15)

with F−1
n = x[n(1−p)]+1,n where x1,n ≥ xn,n is the ordered sample [24].
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4.5.4 Maximum Drawdown

The Maximum drawdown (MDD) of a portfolio is defined as the maximum observed

loss from a peak in the portfolio to a bottom, prior a new peak is reached. It indicates

the downside risk of a portfolio over a specific time horizon, where a larger maximum

drawdown indicates a higher downside risk. The maximum drawdown only measures the

magnitude of the largest drawdown, not the frequency of large losses or the time it takes

for the investor to recover from the loss. The maximum drawdown is defined as [52]

MDD = max(
Pj − Pk

Pk

) (4.16)

where Pj is the asset price at time j and Pk is the asset price at time k and 1 ≤ k < j ≤ T

or zero if all Pk ≤ Pj [52].

4.5.5 Value at Risk

The Value-at-risk (VaR) of a portfolio at level p with value X at time 1 is defined as

V aRp(X) = min[m : P (mR0 +X < 0) ≤ p] (4.17)

where R0 is the return in percentage of a risk-free asset and p ∈ [0, 1]. The VaR describes

the smallest amount of money that if added to the position now and invested in the

risk-free asset ensures that the probability of a strictly negative value at time 1 is not

greater than p [24].

4.5.6 Expected Shortfall

Expected shortfall (ES) is a risk measure used in the financial industry. The ES is the

average of VaR values at level p and is defined as

ESp(X) =
1

p

∫ p

0

V aRu(X) du (4.18)

where p ∈ [0, 1] The benefits with the ES compared to the VaR is that it considers all of

the left tail beyond value p of the probability distribution of X and that it is a coherent

measure of risk [24].
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Methodology

5.1 Literature review

In the literature review, KTH Library and SSRN were used as search engines. The

selection of studies was based on the relevance of the subject, publishing year, and data

set used in the studies. A total of 29 studies were identified. The publishing years of the

articles were limited to 1975 until 2020 and the data sets examined included financial

assets.

5.2 Data Set

One objective of this thesis was to investigate the particular circumstances of the Swedish

market and indices was therefore found suitable as an overall representation of this. Thus,

the OMX Stockholm All-share Index (OMXS) was used to forecast volatility and model

the risky asset in the portfolio. The data set included all the shares listed in the OMX

Nordic Exchange Stockholm. The base date for the OMXS was December 31, 1995

with a value of 100. To model the risk-free asset, the RXVX Index was used, which is

an OMRX Treasury Bill Index in SEK. The time interval used for both data sets was

1997-01-02 to 2020-12-30 including daily closing prices. The data sets each contained

6022 observations. The data sets were collected from the Bloomberg data base. A large

sample size was used to provide more accurate forecasts and to help correctly identify

possible outliers. In order to test the robustness of the forecast, it was desired to include

big historical events, such as the financial crisis of 2008. The R software program was
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used as the analytical and statistical tool.

5.2.1 Pre-processing of Data

For both the OMXS and RXVX data sets, missing values were replaced with the closing

price of the day before. To test the existence of unit roots in the time series of the

risky asset, the augmented Dickey-Fuller, KPSS and PP-hypothesis tests were conducted.

Three different tests were chosen to provide a broad spectrum as well as to have hypothesis

tests with reversed null hypothesis. All tests indicated the existence of unit roots.

To obtain stationary, the data was transformed to log returns, since time series of

log returns usually exhibit stationary characteristics [5]. The original time series

visually displayed multiplicative patterns (see fig 6.1.1). However, after the logarithmic

transformation, an additive pattern emerged. This was in line with theory stating that

the logarithmic transformation can convert multiplicative trends into additive trends

[51]. The risky data set was therefore decomposed in order to obtain stationarity. The

time series was decomposed using an additive approach where the trend and seasonality

component were removed from the time series. The aforementioned unit root tests were

further applied to the decomposed time series, which indicated no unit roots. Therefore,

the project proceeded with the decomposed time series.

5.3 Forecast and Evaluation

To use ARCH and GARCH models in the volatility forecast, the data set must display

ARCH and/or GARCH effects [15]. The data was thus tested for these effects through

the Lagrange multiplier and Ljung-Box Q Test. These tests indicated that the risky data

set could be modelled through ARCH or GARCH models. Based on the literature study,

the ARCH(1), GARCH(1,1), EGARCH(1,1) and GJR-GARCH(1,1) models were chosen

as forecasting models.

To forecast the volatility, a daily rolling forecast was implemented. Thirty percent of the

data set was used to calibrate the initial model. This fraction was determined suitable

based on the requirements for the forecasting function used in R. Moreover, a small

sample size could result in the estimated conditional variances only displaying noise [28].

A forecast was performed using the remaining data, where the model iteratively refitted
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its coefficients to historical data using a recursive window. A recursive window uses all

historical values up to the current date when refitting the forecasting model, taking all

available information into consideration when readjusting the model’s coefficients. To

find the optimal refitting interval of the coefficients, different time intervals were tested.

Weekly, bi-weekly, monthly, bi-monthly, quarterly and yearly refitting intervals were

tested on all time series models. The forecasted volatility vector of the time series was

then extracted and later used in the portfolio modelling.

To evaluate the forecast and choose the most accurate forecasting model for the volatility,

the chosen accuracy measures (MSE, MAE, RMSE and MAD) were calculated and

compared. As a proxy for the observed volatility the moving average of the standard

deviation was used. The forecasting model with the lowest values of the accuracy

measures was chosen to further use. Moreover, the refitting interval of each model was

chosen based on the same criteria.

5.4 Modelling the Portfolio Strategy

The theoretical portfolio using the volatility managing strategy was modelled using the

extracted forecasted volatilities and the two data sets containing log returns. The aim of

the portfolio strategy was to sustain the chosen volatility target. Hence, the weights were

adjusted daily based on the forecasted volatility to maintain the volatility target. The

portfolio contained two assets, the risky asset (OMXS) and the risk-free asset (RVXV).

Furthermore, it was decided not to incorporate the possibility to loan money in the

portfolio to avoid further assumptions regarding lending rate or other factors.

Two different approaches of choosing a volatility target were tested. The first approach

used a dynamic target, consisting of a moving average estimator of the volatility

corresponding to the standard deviation of the buy-and-hold strategy. This approach was

used to achieve a similar risk profile of the two portfolios, to make a fair evaluation of the

performance and to avoid look-ahead bias. The second approach used a fixed target level,

which was chosen by taking the average of the underlying volatility of the risky asset.

This approach has an inherent look-ahead bias, but it was found suitable when evaluating

how different volatility targets may affect the performance of the strategy.

The daily return of the modelled portfolio was calculated by using the calculated weights
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and the return of each asset. To obtain a more realistic portfolio return, the associated

transaction costs were applied to the turnover of the portfolio. Researchers have used

historical data and simulations to detect realized transaction costs and studies show that

10 basis points (0.1%) is a good approximate of transaction costs [14]. This was therefore

used as an estimate of the transaction costs. Furthermore, the daily transaction costs

were calculated and thus the return of the portfolio after including fees. As a benchmark

the buy-and-hold portfolio was used, due to it being a long term and passive investment

strategy. The historically optimal positions in the assets for a buy-and-hold portfolio

were used for the modelling which historically has been considered having an allocation

of 60/40 between the risky and risk-free asset [32].

5.4.1 Evaluating the Portfolio Strategy

To evaluate the performance of the portfolios, the cumulative returns and the average

returns for different time intervals were calculated. Furthermore, the Sharpe ratios

and Jensen’s alphas of the different portfolios were calculated. The effect the volatility

managing strategy had on the risk of the portfolio was examined through distributional

characteristic. QQ-plots of the portfolios were plotted to see the potential effects

on the distributions of the return. In addition, the skewness, kurtosis, maximum

drawdown, value at risk and expected shortfall of the distributions were calculated and

examined.

To test the robustness of the portfolio strategy, it was tested specifically during a period

of higher volatility. The investigated time period was the financial crisis of 2007-2009.

A time interval of the same horizon was tested before and after the financial crisis to

see if the strategy was affected prior and post crisis as well. Hence, a total interval

from November of 2007 until March 2010 was used. The fixed volatility target was used

when testing this due to it outperforming the buy-and-hold portfolio, whereas it was

established that the dynamic target did not.
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Results

6.1 Dataset

Figure 6.1.1: Original OMXS Price Index data

In figure 6.1.1 the OMXS Price Index Data is displayed for the chosen time interval.

There are features of seasonality and trends which indicate a potentially multiplicative

time series.
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6.1.1 Pre-processing of Data

Figure 6.1.2: OMXS Log Returns

In figure 6.1.2 the logarithmic returns of the data are displayed. The transformed time

series exhibits additive characteristics instead of multiplicative trends. Moreover, figure

6.1.2 shows reoccurring volatility clustering of the time series.

Figure 6.1.3: QQ-Plot for OMXS Log Returns

Figure 6.1.3 shows a QQ-plot of the log-transformed data against the normal distribution.

The tails deviate from the normal sample, indicating on a heavier tailed distribution

compared to the normal distribution.
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Figure 6.1.4: Decomposed OMXS Log Returns

Figure 6.1.4 shows the decomposed time series and its existing trend and seasonality

components. The remainder component seen in the bottom section of the figure 6.1.4 is

the data set used throughout the rest of the project obtained by removing the trend and

seasonality components from the data set.

Test p-value

ADF < 0.01
KPSS < 0.1
PP < 0.01

Table 6.1.1: p-values of Unit Root Tests

Table 6.1.1 exhibits the p-values of the unit root tests applied on the decomposed time

series of the logarithmic returns. All the test results indicate that the data set does not

contain a unit root. This implies that the time series is stationary.

Test p-value Distribution Df

Lagrange Multiplier < 2.2 ∗ 10−16 χ2 12
Ljungbox Q < 2.2 ∗ 10−16 χ2 1

Table 6.1.2: p-values of ARCH/GARCH Effects Tests
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Table 6.1.2 displays the p-values for the Lagrange Multiplier and the Ljungbox Q-test.

Based on the null hypothesis of the tests, the results imply that the time series possesses

ARCH/GARCH effects as well as autocorrelation.

6.1.2 Evaluation of Forecast Method

GARCH(1,1) MSE MAE RMSE MAD

Weekly 2.97374 ∗ 10−6 1.34782 ∗ 10−3 1.72445 ∗ 10−3 3.18977 ∗ 10−3

Bi-weekly 2.96423 ∗ 10−6 1.34644 ∗ 10−3 1.72170 ∗ 10−3 3.18977 ∗ 10−3
Monthly 2.96028 ∗ 10−6 1.34826 ∗ 10−3 1.72055 ∗ 10−3 3.18845 ∗ 10−3

Bi-monthly 2.98667 ∗ 10−6 1.35475 ∗ 10−3 1.72820 ∗ 10−3 3.19157 ∗ 10−3

Quarterly 2.98938 ∗ 10−6 1.35750 ∗ 10−3 1.72898 ∗ 10−3 3.19437 ∗ 10−3

Yearly 3.04998 ∗ 10−6 1.371997 ∗ 10−3 1.74642 ∗ 10−3 3.19174 ∗ 10−3

Table 6.1.3: Value of Accuracy Measures for GARCH(1,1) with Different Forecasting Intervals

In table 6.1.3 accuracy measures for the GARCH(1,1) model for different refitting

intervals are displayed. The lowest value for each error term is highlighted in grey.

The monthly interval generated the lowest values for the MSE, RMSE and MAD for the

GARCH(1,1) model, while the bi-weekly refitting interval generated the lowest value for

the MAE. The monthly refitting period was determined most suiting for the GARCH(1,1)

model due to generating the lowest values in the majority of the accuracy measures.

Figure 6.1.5: The Observed vs. the Forecasted Volatility Through GARCH(1,1) with Monthly
Refitting
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In figure 6.1.5 the observed volatility and the volatility forecasted through the

GARCH(1,1) model is plotted with the forecasting model refitted monthly. Visually,

the forecasted volatility and the observed values through the volatility proxy display

similar patterns.

EGARCH(1,1) MSE MAE RMSE MAD

Weekly 4.59646 ∗ 10−6 1.59544 ∗ 10−3 2.14394 ∗ 10−3 3.22758 ∗ 10−3

Bi-weekly 4.59853 ∗ 10−6 1.59565 ∗ 10−3 2.14442 ∗ 10−3 3.22622 ∗ 10−3

Monthly 4.58641 ∗ 10−6 1.59695 ∗ 10−3 2.14159 ∗ 10−3 3.22849 ∗ 10−3

Bi-monthly 4.62159 ∗ 10−6 1.60387 ∗ 10−3 2.14979 ∗ 10−3 3.22812 ∗ 10−3

Quarterly 4.64299 ∗ 10−6 1.60629 ∗ 10−3 2.15476 ∗ 10−3 3.22854 ∗ 10−3

Yearly 4.77047 ∗ 10−6 1.61994 ∗ 10−3 2.18414 ∗ 10−3 3.22846 ∗ 10−3

Table 6.1.4: Value of Accuracy Measures for EGARCH(1,1) with Different Forecasting Intervals

Table 6.1.4 exhibits values of accuracy measures for the EGARCH(1,1) model for different

refitting intervals. The monthly refitting forecasting interval generated the lowest value

of the MSE and the RMSE. With regards to the MAE, the weekly interval produced

the lowest value, while for the MAD the bi-weekly refitting interval produced the lowest

value, however with a slight variation in all values. Moreover, the values of the MAE for

the weekly, bi-weekly and monthly refitting intervals deviate marginally relative to each

other.

Figure 6.1.6: The Observed vs. the Forecasted Volatility Through EGARCH(1,1) with Monthly
Refitting
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In figure 6.1.6 the observed and forecasted volatility through the EGARCH(1,1) model

with monthly refitting is plotted. The forecasted volatility and the observed values

through the volatility proxy display similar patterns.

ARCH(1) MSE MAE RMSE MAD

Weekly 3.99668 ∗ 10−5 5.32069 ∗ 10−3 6.32193 ∗ 10−3 4.92916 ∗ 10−3

Bi-weekly 4.00273 ∗ 10−5 5.32471 ∗ 10−3 6.32671 ∗ 10−3 4.93198 ∗ 10−3

Monthly 4.01779 ∗ 10−5 5.33445 ∗ 10−3 6.33860 ∗ 10−3 4.93661 ∗ 10−3

Bi-monthly 4.04110 ∗ 10−5 5.34988 ∗ 10−3 6.35696 ∗ 10−3 4.93814 ∗ 10−3

Quarterly 4.06244 ∗ 10−5 5.36298 ∗ 10−3 6.37372 ∗ 10−3 4.94817 ∗ 10−3

Yearly 4.16467 ∗ 10−5 5.43137 ∗ 10−3 6.45343 ∗ 10−3 4.96638 ∗ 10−3

Table 6.1.5: Value of Accuracy Measures for ARCH(1) with Different Forecasting Intervals

Values of accuracy measures for the ARCH(1) model using different time intervals is

displayed in table 6.1.5. It is evident that a weekly interval generated the lowest value

for all the error terms. Thus, this was determined the most optimal refitting interval for

the ARCH(1) model.

Figure 6.1.7: The Observed vs. the Forecasted Volatility Through ARCH(1) withWeekly Refitting

In figure 6.1.7 the volatility forecast using the ARCH(1) model is displayed, with a weekly

refitting interval. The observed values differ from the forecasted values and display a

deviating pattern.
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GJR-GARCH(1,1) MSE MAE RMSE MAD

Weekly 4.92939 ∗ 10−6 1.60359 ∗ 10−3 2.22022 ∗ 10−3 3.21847 ∗ 10−3

Bi-weekly 4.92163 ∗ 10−6 1.60316 ∗ 10−3 2.21848 ∗ 10−3 3.21891 ∗ 10−3

Monthly 4.89784 ∗ 10−6 1.60365 ∗ 10−3 2.21311 ∗ 10−3 3.21972 ∗ 10−3

Bi-monthly 4.92921 ∗ 10−6 1.61012 ∗ 10−3 2.22018 ∗ 10−3 3.21972 ∗ 10−3

Quarterly 4.90743 ∗ 10−6 1.61109 ∗ 10−3 2.21527 ∗ 10−3 3.22373 ∗ 10−3

Yearly 4.99910 ∗ 10−6 1.62766 ∗ 10−3 2.23587 ∗ 10−3 3.22630 ∗ 10−3

Table 6.1.6: Value ofAccuracyMeasures forGJR-GARCH(1,1)withDifferent Forecasting Intervals

In table 6.1.6 the values of the accuracy measures of the GJR-GARCH(1,1) model using

different refitting intervals are presented. The MSE and RMSE were the lowest for the

monthly refitting interval whereas the MAE and MAD were the lowest for bi-weekly and

the weekly interval respectively.

Figure 6.1.8: TheObserved vs. the ForecastedVolatility ThroughGJR-GARCH(1,1) withMonthly
Refitting

In figure 6.1.8 the volatility forecast using the GJR-GARCH(1,1) is displayed with a

monthly refitting interval. Similarly to the GARCH(1,1) and EGARCH(1,1) models, the

forecasted values follow the observed volatility proxy closely.

Summary of Forecast Method and Parameters

By comparing the overall forecasting refitting intervals, it can be concluded that the

GARCH(1,1) with a monthly refitting interval generated the most accurate values with

regards to the MSE, RMSE and MAD. Furthermore, compared to all the models,
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the GARCH(1,1) model produced the lowest error term values for all measures. For

the EGARCH(1,1) model and GJR-GARCH(1,1) model, the monthly refitting window

produced the most accurate forecast with regards to the MSE and RMSE. However, for

these models the optimal refitting window is not coherent for all measures. It is expected

that if the MSE value is the lowest for a given model, the RMSE will also be the lowest for

this model, given that it is the square root of the same value. Overall, when comparing

the MSE values of different time intervals, there is a more significant variation in the MSE

values compared to the variation in values of MAE and MAD for different time intervals.

There is also a larger variation in the RMSE values. Lastly, the ARCH(1) model differs

from the other models by displaying larger error terms for the time periods as well as

having an optimal refit with a weekly interval with regards to all error terms.

In conclusion, the GARCH(1,1) model produced the smallest errors for all time intervals,

compared to the other models. Thereby, it was determined to proceed with the

GARCH(1,1) model volatility forecast, refitted monthly for the portfolio simulation

since it produced the most accurate forecast with regards to the majority of accuracy

measures.
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6.2 Modelling the Portfolio Strategy

With the results from the volatility forecast, the portfolio modelling was conducted using

the obtained optimal time series forecasting model. The volatility managing portfolio

used 10 basis points (0.1%) as fees. The buy-and-hold portfolio held an allocation of

40% invested in the risk-free asset and 60% in the risky asset.

6.2.1 Dynamic Volatility Target

Evaluating the Performance of the Portfolio Strategy

Figure 6.2.1: The Volatilities of the Investigated Portfolios

Figure 6.2.1 displays the dynamic volatility target, the volatility of the volatility

managing portfolio and the volatility of the buy-and-hold portfolio. The volatility

managing portfolio displays a more stable volatility with regards to the volatility target

and less significant peaks are visible compared to the buy-and-hold portfolio.
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Figure 6.2.2: Cumulative Returns of the Portfolios

In figure 6.2.2 the cumulative returns of the different portfolios are presented. The

volatility managing portfolio not considering fees displays the highest return. The

volatility managing portfolio considering fees performed fairly similar in comparison to

the buy-and-hold portfolio. However, the buy-and-hold portfolio generated a higher total

cumulative return.

Portfolio Model Yearly Quarterly Monthly Weekly

Portfolio 6.075% 1.471% 0.4886% 0.1131%
Portfolio after fees 4.598% 1.112% 0.3704% 0.08592%
Buy-and-hold 5.687% 1.388% 0.4546% 0.1068%

Table 6.2.1: Mean of Yearly, Quarterly, Monthly andWeekly Returns

In table 6.2.1 the yearly, quarterly, monthly and weekly returns for each portfolio chosen

through the average value for the time period. The portfolio not considering the fees

resulted in the highest return for all investigated time periods. However, when looking at

the two other portfolios, the buy-and-hold portfolio generated higher returns compared

to the volatility managing portfolio with fees incorporated.
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Portfolio Model Annual Sharpe Ratio Jensen’s alpha Annual Std Dev

Portfolio 0.4595 0.02547 0.1068
Portfolio after fees 0.3196 0.01057 0.1070
Buy-and-hold 0.3293 0.01091 0.1253

Table 6.2.2: Annual Sharpe Ratio, Jensen’s Alpha and the Annual Standard Deviation

Table 6.2.2 exhibits the annual Sharpe ratio, Jensen’s alpha and the annual standard

deviation (annual Std Dev) for the examined portfolios. With regards to the annual

Sharpe ratio and Jensen’s alpha, the volatility managing portfolio before fees generated

the highest values. The volatility managing portfolio after fees and the buy-and-hold

portfolio generated moderately similar values. However, the buy-and-hold portfolio

produced a slightly higher annual Sharpe ratio and a higher Jensen’s alpha. This indicates

that the buy-and-hold portfolio generates a higher risk-adjusted return and performs

better compared to the market. Furthermore, the buy-and-hold portfolio exhibits the

largest annual standard deviation which implies a higher variation in values.

The Portfolios’ Effects on Risk

Characteristics Portfolio Portfolio after fees Buy-and-hold
Skewness −0.4240 −0.4611 −0.6048
Kurtosis 1.512 1.585 6.548

Max Drawdown 0.2923 0.3042 0.4220
Value at Risk 0.01143 0.01157 0.01305

Expected Shortfall 0.01696 0.01726 0.02638

Table 6.2.3: Different Characteristics of the Portfolios

In table 6.2.3 distributional characteristics and risk measures are displayed. The buy-

and-hold portfolio exhibits the most negative skewness, the highest kurtosis and the

highest maximum drawdown among the different portfolios. A negative skewness

indicates skewed left values in the return distribution. Moreover, a higher kurtosis and

higher maximum drawdown additionally implies heavy tails and a higher downside risk.

Consequently, the buy-and-hold portfolio produced higher values of the value at risk and

expected shortfall, indicating that there is a higher risk for the investor, compared to

investing in a volatility managing portfolio, before and after fees.
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Figure 6.2.3: Volatility Managing Portfolio Against a Normal Distribution

Figure 6.2.4: Buy-and-hold Portfolio Against a Normal Distribution
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In figure 6.2.3 and in 6.2.4 the QQ-plots of the volatility managing portfolio and the buy-

and-hold portfolio quantiles are shown against the normal distribution. The volatility

targeting portfolio displays a pattern of lighter tails in comparison to the buy-and-hold

portfolio. However, a skewed left tail is visible. The buy-and hold portfolio displays

heavy tails on both sides. This is in agreement with the distributional characteristics in

table 6.2.3.

6.2.2 Constant Volatility Target

Evaluating the Performance of the Portfolio Strategy

Figure 6.2.5: The Volatilities of the Investigated Portfolios

Figure 6.2.5 displays the fixed target volatility using the mean of the risky asset’s

historical volatility, the volatility of the volatility managing portfolio and the buy-and-

hold portfolio. The volatility managing portfolio displays a more stable volatility centered

around the fixed volatility target. Furthermore, the volatility of the volatility managing

portfolio exhibits less significant peaks in comparison to the buy-and-hold portfolio.
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Figure 6.2.6: Cumulative Returns of the Portfolios

Figure 6.2.6 shows the cumulative returns of the volatility managing portfolio with and

without fees and the buy-and-hold portfolio. The volatility managing portfolio without

fees generated the highest cumulative return, followed by the volatility managing portfolio

with fees incorporated. The buy-and-hold portfolio generated the lowest total cumulative

return.

Portfolio Model Yearly Quarterly Monthly Weekly

Portfolio 11.02% 2.578% 0.8501% 0.1970%
Portfolio after fees 8.280% 1.935% 0.6398% 0.1489%
Buy-and-hold 5.687% 1.388% 0.4546% 0.1068%

Table 6.2.4: Mean of Yearly, Quarterly, Monthly andWeekly Returns

Table 6.2.4 displays the yearly, quarterly, monthly and weekly mean return generated by

the three portfolios. The volatility managing portfolio before and after fees outperformed

the buy-and-hold portfolio for all time horizons tested.

Portfolio Model Annual Sharpe Ratio Jensen’s Alpha Annual Std Dev

Portfolio 0.3779 0.02968 0.1866
Portfolio after fees 0.2336 0.002773 0.1872
Buy-and-hold 0.3293 0.01091 0.1253

Table 6.2.5: Annual Sharpe ratio, Jensen’s Alpha and the Annual Standard Deviation

Table 6.2.5 shows the annual Sharpe ratio, Jensen’ alpha, and the annual standard

deviation of the portfolios. The annual Sharpe ratio and Jensen’s alpha was the highest
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for the volatility managing portfolio before fees, followed by the buy-and-hold portfolio.

This indicates that the buy-and-hold portfolio generates a higher risk-adjusted return in

comparison to the volatility managing portfolio after fees. Additionally, the buy-and-hold

portfolio produced a higher Jensen’s alpha compared to the volatility managing portfolio

after fees. The volatility managing portfolio before and after fees exhibits a higher annual

standard deviation than the buy-and-hold portfolio which implies a higher variation in

values.

The Portfolios’ Effect on Risk

Characteristics Portfolio Portfolio after fees Buy-and-hold
Skewness −0.5041 −0.5430 −0.6048
Kurtosis 1.553 1.649 6.547

Max Drawdown 0.4966 0.5135 0.4220
Value at Risk 0.02026 0.02051 0.01305

Expected Shortfall 0.03019 0.03079 0.02638

Table 6.2.6: Different Characteristics of the Portfolios

Table 6.2.6 contains distributional characteristics of the portfolios. The buy-and-hold

portfolio generated the most negative skewness as well as the highest kurtosis which

indicates on a more asymmetric distribution with heavy tails. However, the maximum

drawdown for the buy-and-hold portfolio was lower than the maximum drawdown for the

volatility managing portfolio before and after fees, indicating on a smaller downside risk.

Moreover, the value at risk and expected shortfall was higher for the volatility managing

portfolio before and after fees indicating that there is a higher risk for loss.
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Figure 6.2.7: Volatility Managing Portfolio Against a Normal Distribution

Figure 6.2.7 shows a QQ-plot for the volatility managing portfolio’s quantiles against a

normal distribution. It is visible that the portfolio exhibits a heavy left tail compared to

the normal distribution. However, compared to the buy-and-hold portfolio displayed in

figure 6.2.4 the volatility managing portfolio displays lighter tails.

6.2.3 Performance Before, During andAfter Period ofHigherVolatility

To assess the robustness of the model, it was tested during a time interval of high

volatility, more specifically during the financial crisis between 2007-2009. The main

purpose is to investigate if and when, a volatility managing portfolio outperforms the

buy-and-hold portfolio. Therefore, a fixed volatility target was used in the simulation,

since the buy-and-hold portfolio outperformed the volatility managing portfolio using a

dynamic target.
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Figure 6.2.8: Volatility Forecast and Observed Volatility

Figure 6.2.8 displays the forecasted volatility through the GARCH(1,1) model with a

monthly refitting interval. The observed values are from the period of November 2007

until March 2010. The time period chosen contains 9 months before the financial crisis,

the actual financial crisis and 9 months post-crisis.

Time Interval MSE MAE RMSE MAD

Before 1.549 ∗ 10−5 3.205 ∗ 10−3 3.935 ∗ 10−3 2.395 ∗ 10−3

During 2.931 ∗ 10−5 3.923 ∗ 10−3 5.413 ∗ 10−3 5.086 ∗ 10−3

After 1.114 ∗ 10−5 2.896 ∗ 10−3 3.337 ∗ 10−3 2.620 ∗ 10−3

Table 6.2.7: Accuracy Measures Before, During and After Crisis

In table 6.2.7 the accuracy measures of the forecast are displayed for the time horizons

before, during and after the financial crisis. The accuracy measures before and after the

crisis exhibit smaller values in comparison to the errors during the crisis. This indicates

a higher accuracy of the forecasting before and after the crisis.
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Figure 6.2.9: The Volatilities of the Investigated Portfolios

In figure 6.2.9 the fixed volatility target and the volatility of the volatility managing

portfolio and the buy-and-hold portfolio are plotted. Both portfolios display a varying

volatility pattern.

Figure 6.2.10: Cumulative Returns of the Portfolios

Figure 6.2.10 displays the cumulative return of the portfolios during the investigated

time period. The buy-and-hold portfolio outperformed the volatility managing portfolio

both before and after fees in terms of return. However, all portfolios generated negative

cumulative returns during the time period, if disregarding the first initial period. The

cumulative return of the portfolios was the lowest during the actual period of the financial

crisis.
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Figure 6.2.11: Volatility Managing Portfolio Against a Normal Distribution

Figure 6.2.11 displays the QQ-plot of the quantiles of the volatility managing portfolio

against a normal distribution. The QQ-plot implies that the portfolio’s returns follows a

normal distribution with slightly heavier tails.

Portfolio Model Annual Sharpe Ratio Jensen’s Alpha Annual Std Dev

Portfolio −0.2646 −0.005157 0.2092
Portfolio after fees −0.2883 −0.01017 0.2094
Buy-and-hold −0.1989 0.008148 0.1418

Table 6.2.8: Annual Sharpe ratio, Jensen’s Alpha and the Annual Standard Deviation

Table 6.2.8 displays the annual Sharpe Ratio, Jensen’s alpha and the annual standard

deviation for the time frame of the crisis. The annual Sharpe ratios were negative for

all portfolios, but the least negative for the buy-and-hold portfolio. This indicates that

the buy-and-hold portfolio outperforms the volatility managing portfolio before and after

fees with regards to risk-adjusted return. This also holds for the Jensen’s alpha of the

portfolios, where the buy-and-hold portfolio produced a positive Jensen’s alpha, while the

volatility managing portfolio before and after fees generated negative values. The annual

standard deviation was the lowest for the buy-and-hold portfolio, implicating smaller

movements in values compared to the volatility managing portfolio.
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Characteristics Portfolio Portfolio after fees Buy-and-hold

Skewness 0.01436 0.01026 0.0454
Kurtosis 1.512 1.4976 1.6783

Max Drawdown 0.4347 0.4366 0.3030
Value at Risk 0.02134 0.02140 0.01434

Expected Shortfall 0.02955 0.02963 0.01989

Table 6.2.9: Different Characteristics of the Portfolios

Table 6.2.9 displays distributional characteristics of the portfolios. The buy-and-hold

portfolio generated the highest positive skewness indicating on a heavier right tail whereas

the volatility managing portfolio before and after fees produced a lower right tail skew.

The buy-and-hold portfolio generated a slightly higher kurtosis in comparison to the

volatility managing portfolios indicating a more heavy tailed distribution. On the

contrary, the buy-and-hold portfolio exhibits a lower maximum drawdown value, as well

as lower values of value at risk and expected shortfall, implying a lower risk of loss.
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Conclusion

This thesis aims to answer whether a volatility managing portfolio strategy is beneficial to

an investor in terms of risk and return, compared to a buy-and-hold portfolio benchmark.

Moreover, the study aims to examine what time series model is the most accurate when

forecasting volatility.

The thesis concludes that the GARCH(1,1) model produces the most accurate forecast

among the tested time series models in relation to the index data used. A monthly

recursive refitting interval generates the smallest forecasting errors among the majority of

the tested accuracy measures for the GARCH(1,1) model. Thus, the GARCH(1,1) model

using a monthly refitting window is found to produce the most precise forecast.

By testing a dynamic volatility target and a fixed volatility target, it can be concluded

that a volatility managing strategy only is beneficial to an investor using a fixed volatility

target, when accounting for transaction costs. With the dynamic target, the volatility

managing strategy before fees generates a higher return compared to the buy-and-hold

portfolio. However, the volatility managing portfolio with a dynamic target including

transaction costs and the buy-and-hold strategy perform fairly similar. For the fixed

target case, the volatility managing strategy both before and after fees outperform

the buy-and-hold portfolio. The portfolio before fees exhibits a higher annual Sharpe

ratio and Jensen’s alpha in comparison to the buy-and-hold portfolio. However, the

portfolio after fees generates a lower risk-adjusted return compared to buy-and-hold

portfolio, displaying a lower annual Sharpe ratio. It also produces a lower Jensen’s

alpha. This implies that the out-performance in terms of risk-adjusted return of the
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volatility managing strategy is diminished by transaction costs.

For the fixed volatility target, there are contradicting effects to the risk of the portfolios,

visible through the distributional characteristics. The volatility managing portfolio before

and after fees display less negative values of skewness and lower values of kurtosis

in comparison to the buy-and-hold portfolio, indicating less asymmetric, lighter tailed

distributions. This could imply a lower risk of losses and extreme values for the volatility

managing portfolios. On the contrary, the volatility managing portfolios generate higher

values of the maximum drawdown, value at risk, and expected shortfall, suggesting that

the volatility managing portfolios have a higher risk of losses, hence a contradiction in

results. For the dynamic volatility target portfolio, the volatility managing portfolios

generate less negative values of skewness, lower values of kurtosis, maximum drawdown,

value at risk, and expected shortfall. This indicates that the volatility managing portfolios

exhibit lighter tailed and less asymmetric distributions compared to the buy-and-hold

portfolio.

Further, by testing the robustness of the portfolios during the financial crisis, the results

indicate that the volatility managing portfolio is not beneficial during times of high

volatility. From this it can be concluded that the volatility managing strategy portfolio

does not perform well during high volatile periods.

Overall, it is concluded that a volatility managing strategy could be beneficial to the

investor with regard to return in comparison to the buy-and-hold benchmark, when using

a fixed volatility target based on the underlying market. However, the effects on risk are

not coherent. Consequently, this thesis provides support for using a volatility managing

strategy with a fixed volatility target for generating a higher return. However, it does

not show conclusive evidence for the higher return being obtainable without increasing

the risk level of the investment.

7.1 Discussion

This thesis has provided further knowledge regarding the implementation of a volatility

managing strategy and its effect on risk.

To obtain a clear scope, the thesis only includes a recursive forecasting method. Different

refitting windows of the time series forecasting models are tested and the monthly
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forecasting window is found most precise for the GARCH(1,1) forecasting model. The

GARCH(1,1) model produces the lowest values of the accuracy measures. Innately, it

was expected that a more frequent refitting of the model would provide a higher level

of accuracy, which was not the case. It is found that among the shorter time frames,

changes in the length of the refitting interval do not have a significant effect on the

accuracy. The results of this thesis regarding the volatility forecast only provides a

conclusion regarding the most optimal forecasting model among the tested models and

refitting windows, whereas conclusions regarding a universally optimal model cannot be

drawn. The GARCH(1,1) model is found more precise compared to extensions of the

same model. This is in line with the supposition that simpler forecasting models are not

outperformed by more sophisticated models, which is also stated in previous research

[21]. However, the GARCH(1,1) does outperform the ARCH(1) model which indicates

that this conclusion regarding simplicity does not always hold.

This thesis finds that a volatility managing strategy is beneficial for the investor for both

tested volatility targets, before transaction costs are incorporated. This implies that the

strategy is implementable in theory. However, when transaction costs are incorporated,

only the fixed volatility target strategy is found to be beneficial in terms of return. This

could be a result of more trading required to maintain the dynamic target, hence more

associated costs for the investor. This is an aspect discussed in the literature review,

where research state that volatility managing strategies are beneficial to the investor

even when exposed to realistic transaction costs [10]. However, none of the strategies

provide a risk-adjusted return higher than the buy-and-hold portfolio when taking fees

into consideration. This suggests that transaction costs may diminish the positive effect

that the volatility managing strategy has on the risk-adjusted return.

With regards to risk management, the conclusions are not consistent. For the fixed

volatility target, the volatility managing portfolio exhibits a higher annual standard

deviation, although it generates a higher return. This indicates that the higher return

comes at the cost of a higher risk. This contradicts conclusions made in previous research

which found that volatility managing strategies are mostly adequate for mitigating

risk [10]. Moreover, the distributional characteristics of the fixed volatility target are

conflicting in the sense that they provide a higher value at risk, maximum drawdown

and expected shortfall in comparison to the buy-and-hold portfolio but a less negative

skewness and a lower kurtosis. It is therefore not possible to finalize a definitive conclusion
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regarding whether the volatility managing strategy with a fixed volatility target is

preferable with regard to risk management compared to the benchmark.

Furthermore, it is found that the volatility target is of importance when using a volatility

managing strategy. The conclusion made when analysing the strategys performance is

dependent on the choice of volatility target. The chosen fixed target generates a higher

return with fees incorporated, while the dynamic target does not. However, the fixed

target used is limited by exhibiting an inherent look-ahead bias since it is based on the

volatility of the underlying market for the whole examined period. In practice, this

target would not have been implementable but rather a fixed target based on historical

data which generates other limitations. For example, historical data does not necessarily

describe future data. The strategy using the chosen dynamic target is not found beneficial

in terms of return for the investor when transaction costs are included. However, the

portfolio using the dynamic target indicates on better risk managing abilities through

the distributional characteristics, which suggests that using a dynamic target could be

beneficial in terms of risk management. When used in practice, a dynamic volatility

target or a target based on historical data are the only plausible options. Other fixed

and dynamic volatility targets could be investigated to provide a more in-depth analysis

regarding the choice of volatility target.

Previous research stated that a volatility managing strategy is beneficial in times of

high volatility [4] [37]. The results obtained contradict this. The volatility managing

portfolio both before and after fees generates a lower cumulative return compared to the

benchmark during the 2007-2009 financial crisis. It also exhibits a lower risk-adjusted

return, lower Jensen’s Alpha and a higher annual standard deviation. This could be a

result of the less precise volatility forecast during the period.

Finally, the results in this thesis supports as well as contradicts previous research. A

volatility managing strategy does not inconclusively mitigate the risk level of the portfolio

which previous research has stated [10]. The tested strategy does provide a higher annual

return as well as risk-adjusted return compared to the buy-and-hold portfolio when

using a fixed volatility target, when transaction costs are not incorporated. However,

the outperformance in terms of risk-adjusted return of the volatility managing portfolio

using a fixed target is diminished when transaction costs are applied.
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7.1.1 Future Research

There are further gaps to fill regarding the field of volatility managing strategies that are

not covered in the scope of this thesis.

Other data sets could be examined, either using specific stocks or other indices to prove

general robustness of the model. Additionally, a shorter time series could be used, putting

less emphasis on longer historical volatility fluctuations. This could generate other results

regarding the choice of forecasting model and the performance of the volatility managing

strategy.

This study uses one risky and one risk-free asset in the portfolio simulation. To obtain

a more realistic portfolio, a greater number of risky or risk-free assets could be tested.

Moreover, the portfolio simulated in the thesis does not provide the possibility to loan

money to increase the exposure to the equity market. To make the portfolio more realistic,

this option should be investigated to see if it could generate a higher return for the

volatility managing portfolio.

In future studies, more emphasis should be put into examining potential differences in

using a recursive forecasting method compared to a rolling fixed window since previous

studies have resulted in inconclusive outcomes regarding which method is more beneficial

[9]. Furthermore, additional benchmarks could be used to further evaluate the volatility

managing strategy compared to other commonly used investment strategies to provide a

wider range of comparisons. Also, more GARCH and ARCH models could be examined

as well as other classes of forecasting models. There are other extensions of these time

series models not covered in this thesis that are of interest. Additionally, there are other

time series models focusing on intra-daily returns that also could be tested. Moreover,

another aspect to be examined is using other volatility proxies for the risky asset since

this thesis only uses one.
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