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Abstract

Valueat-Risk and Expected Shortfall are assessed for their suitability as risk measures for oil
& gas related secures during the oil price slide of 2046. The descriptive statistics of the
analysed financial returns indicate n@uaussian propertiesThis discourages the use of
parametric approaches in oil & gas related investments for the estimation of \&lRek

and Expected ShortfallThe analysis also shows that volatility dynamics in oil & gas
investments increased visibly during 2015 and might persist at high |&me&dly Expected
Shortfall shows a clearly superior performance to VatRisk as aisk measure during
turbulent times.These finding might be useful for investors exposed to the oil & gas sector

andcould be complemeted by backtesting in further research.
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1. Introduction

The recent dop in oil prics came unexpected and made oil & gas equities fall sharply. An
investor in the oil & gas sector is surely interested in a suitable risk measure for his or her
portfolio. While the classic Valts-Risk (VaR) approach is widely used andtintito grasp,
Expected Shortfall (ES) is gaining huge popularity because of its ability to consider Builtrisk.
which risk measure is better for oil & gas related securitiesng turbulent time® And is it
appropriate to use a paramat approach relying on specific distributional characterisfics

for estimating VaR and E& oil & gas related investmer?sThese are the main questions

investigated in this work.

This workprovidesa comparison of VaR and ES, in terms of their exceedance apigigd

on anequally weighted oil & gas equity portfolicrude oil and the S&P 5@@dex The analysis

in this work relies on historical dafeom 201415, in orderto emphasize pure empirical facts

about the period of the oil price slidey R af SG SH RS PRICKA a& A& A Y L2 N
investors and institutions often rely on parametric approaches for calculating their VaR and

ES estimates.

The following chapter provides an introduction to VaR, ES and the nature of oil & gas related
securities. Thisi@ff f 2 SR 060¢& GKS a5 Gl 9 aSGiK2R2f23&¢ a
methods used in this work. Further, descriptive statistiosl rolling standard deviationst

the equally weighted oil & gas equity portfolioucte oil and the S&P 500 index are pd®ad.
Theexceedanceatesof the calculatedvaR and ES estimatase presented for the analysed

assets. The results are interpreted in a following secéindsome suggestions for additional

researchare proposedThe final section summaristtte resultsand concludes the analysis.



2. Background

2.1 What isValueat-RisR

VaR is a simple anekry popular measure of risk.tries to answer a question every investor
Fa1ayY al 2¢ YdzOK O2dzZ R L 12 ALSNI2G2ASANT A 2 yag BEEOA FRAC
0 K VAR igithe maximum loss over a target horizon such that there is a low, prespecified
probability that the actual loss will be largefl]. From a statistical point of view, VaR is

basically a specified percentile of firaal returns([2], [3], [4]. Therefore, VaR can be

RS & ONX 6 SrRaxirhuin loss& exdeeded with a given high probabi[y. While it

might be more useful to know the maximum possible loss on an investment, this is often not
possible due to the fact that some financial returns are distributed in such way that the
maximum loss is infinity5]. This makes VaR antaresting alternative to the maximum

possible loss.

More formally, he VaR of an investment with a lossibnd a confidence level 6f(h N (0,
1)) can berepresented by the smallest numbér Thereby, the probabilitpf O exceedingx

shall not be larger thafh ¢ h [5]. This is represented ke followingequation.[5]

WwoYD ETwEagpd & p ©
This means that with percent certainty, an investment will not lose more than the amount
of aduring a certain time periofR], [6]. In practice, VaR is often calculated with confidence

levels between 90% and 99, [4]. The time horizon for VaR estimation depends on the

type and flexibility of theinderlying portfolio[2].

As mentioned, VaR is very intuitive and easy to calculate. In order to explain VaR to somebody
withanonF Ayl yOS o6F O13INRdzyR: Al 62dzf R 0SS Sy2daAaK

h percent sure that the losses on your portfolio will not excéedringTR I & & £ ®



However, VaR just focuses on a specific value and ignores the tail of the return distribution.
In other words, once VaR is exceeded we do not know how bad our lossbs,vefi return
distributions might be very fatailed or even doublgeaked[2]. Other drawbacks of VaR will

be discussed more idepthin section2.4.

2.2 Approaches for estimating VataeRisk

This section presents the main appiches for estimating VaR, outlining the advantages and
disadvantages of each methothere are mainly threaysfor estimatingvVaR: The historical
simulation the Monte Carlanethodand thevariancecovariance metho{i7]. Whik historical
simulation and Monte Carlo simulation are nparametric approaches, the variance
covariance method assumes specific properties of the distribution of financial returns,and is
therefore,a parametric approacfi]. Knowing the underlying distribution of financial returns

is crucial, in order for VaR to make sefiBe|[3].

Theparametric varianceovariance approacbften assumesinancialreturns to be normdy
distributed, such am the RiskMetrics approach developed by J.P. Morgan in the 19(R]ies

[8]. Thisis a very dangerous assumptionlais of empirical contributions show that financial
returnsare often not normally distributed, especially during turbulent tinfigs[2]. However,

there are many modifications, allowing for more flexibility in the parametric variance
covariance approactsuch as combining it with GARCH and EWMA models or assuming that
FAYLFYOAL T NI G dzNIdigtribdiant2], BloThese exténdidhS flightndake iihe
variancecovariance approactfor estimaing VaRmore flexible, however, it is still a
parametric approach, relying on special distributgpecific featuresThis approach is called

the variancecovariance approach, asrgquirescalculating the variances and covariances of

various assets inportfolio [3].



TheMonte Carlo methodor estimating VaR is moriexible than the variancecovariance
approach and allows to generate maremplex distribution®f financial returnswith fat tails

and other distributional cham@eristics[2], [1]. However, the higher degree of flexibility in the
Monte Carlo method comes at the price of running Monte Carlo simulations with a random
number generator, following very speciparameterq8]. This erodes the flexibility provided

by the simulation to sme extent, as it is difficult and researahtensive to create an ideal

random number generatoi?], [3].

The historical simulatioris more intuitive and does not assume any characterisifcthe
underlying distribution of financial retur8], [4]. Thereby, the historical simulation simply
assumes that future financial returns will roughly follow the sadiribution they were
following in the past, making the historical simulation an empirical ;pammmetric approach

[8], [7]. Ushg historical data over a prespecified leb#ck period and a specific confidence
level, we can estimat&aRby considering the losses and gains that would have been realised
for the portfolio [9]. While the simplicity and th@on-parametric nature of this approach
seem very attractive, one major drawback is the necessity to collect enough relevant data, in
order to capture extreme even{®]. On the other hand, taking too much data with extreme

evers might lead to a very conservative VaR estimate, rarely being excéglded

Obviously, these three approaches could lead to different estinfa@s This should be taken
into consideration, espaally when comparing various VaR estimaldss work will make use

of the historical simulation approach because it relies on pure empirical facts.



2.3 What is Expected Shortfall?
ESis also known as Conditional VaR (CVaR) or Expected Tail Lo$s](HTik)very closely
related to VaR and is often sugged as a better alternativgs]. Basically,EScould be

regarded as a more sophisticated extension of JA&RR

ESis a bit more complicatedthan VaR and less intuitive to explaWhile VaR gives us a
specific loss not be exceeded with a certain probabik§gives us the average loss once our
VaR point has been exceeded. In other woESY S I & dzZNB a { K Sontlitdréah 3S 2 ¢

the fact that it is greater than VaR{@]

This is probably theeasonwhy ESis alsoknown as Conditional VaR. TherefoEStries to

describe the losses beyond our specified confidence int¢2ydb]. ES and VaR are illustrated
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Figure 2.3.1: lllustration of the 95% VaR and the 95% ES (ES). While VaR represents a specific point, ES
averages the shaded area. Source: McNeil, Frey and Embrechts [5].

ESemerged as an alternative measure of risk as it overcomes some shortcomings of VaR
regarding desired mathematical properties a risk measure should i4yd12], [13]. These

propertiesdescribe the saalledécoherence of a risk measure which is meant to classify a
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risk measure as suitable or not. The concept of cohegemas introduced by Artzner et al. in

[11].

It is important to keep in mind thaESwill not give us the worst possible loss, however, by
averaging the losses beyond our VaR it gives us a more conservative estimate of possible
losses than VaRt the same confidence level. This means that a ¥5Swill be more

conservative than a 95% VdB]

Formally EScan be defined as follows$]:

This shows thaESaverages VaR over all levéls ©, in order to present a estimate
describing the expected tail lof]. This feature is probably the reason wWib§is also referred

to as expected tail loss.

The lack of capturing tail losses in VieR to financial disasters which could have been
partially avoided if banks would have usE&instead[14]. Theconsideration of tail losses

made ESattractiveto regulators across the worl@®].

While ESs superior to VaR in terms of considering tail risk, the main problem associated with
ESs its sensitivity to sample sizes and difficult backteg@hgvarious backtesting techniques
are proposed in recent academic literature, however, those techniques are still subject to
further research andnvestigation[15], [16], [17]. Furtheradvantages and disadvantages of

ESare compared tothose of VaR andiscussed ithe following section



2.4 Vdue-at-Riskvs. Expected Shortfall
This section compares both measures of risk, VaREghdontrasting their advantages and
disadvantages.VaR andEShave been discussed extensively academic and practical

literature. Thereby,ESis often described as being superior to VaR due toatserence5],

[12], [18].

It was shown by various authors that VaR does not always satisfy the subadt&itiiye,
making it anon-coherent risk measurg2]. Subadditivity is one of the properties a coherent
risk measure should haj&1l]. It states that merging many securities into a portfolio should
yieldan amount of rislsmaller or equal to the sum @&ach individual securifga [Nl
non-coherence of VaRight leadto a situation where the overall VaR of a portfolio is greater
than the sum of the VaRs of each security in the same portfafio[12]. In this case,
diversification power is clearly ignored andiet subadditivity property is violatedl].
However Jorion[7], [1] states that lacking subadditivity in VaRcurs in exceptional cases
and thus might be regarded as ore theoretical phenomenon. On the other hand, it is
important to bear in mind that Jorion is a keen supporter of VaR, as demonstrateointey

of his publications[19]. ESis often praised as it overcomes the lack of subaditiand
satisfiesall other coherenceequirements[20], [18], [21]. Acerbiin particular[22], [12], [15],
presents a very positive picture &S descibing it as an alternativéo VaR dueto its

coherence.

However, we recall that neithdeSnhor VaR provide the worst possible loss on an investment
[1], [9]. Here one could argue that VaR is a solid measure of risk if understood cofréctly

Nevertheless, the fact thaEStakes losses beyond VaR into account makes it a more useful



and more attractive risk measure than VaR, especially in times where the market exhibits

strong volatility dynamicg20], [18], [21], [22].

Overcoming the mia limitations of VaRESseems to be a more suitable measure of risk.
Indeed,some opinionglearly suggest that VaR should be replace&8?2]. However this

draws an idealistic picture &S not considering its shortcongys.

Empirical stuges have shown thaESequires larger ample sizes, in order to reach the same

accuracy level as V4®, [21]. Furthermore ESexhibits a largeestimation error and isnore

compicated to calculate and to backtesthan VaR[2], [9]. In fact, the issue of the
backtestability oESA & &adzo 2SO0 (G2 | KSFGISRX 2y3I2Ay3 RAAC
literature [16]. However, this work does not intend to contribute to the ongoing, controversial

debate about backtestingS The interested reader should refer to various new contributions,

dedicated todiscussing théacktestability oES such a[17], [16], [23] and[15].

One more basic disadvantagekEfiisits less intuitive interpretation, in contrast to VaR which
is easier to nderstand [9]. Both, VaR andES have advantages and disadvantages.
Interestingly, regulatory requirements are currently favouriigs over VaR, despite

complications regarding the backtestability®§2], [5], [14].

Investing in a fatailed portfolio would makeESthe preferred risk measure, as iakes tail

losses to some extent into accouf2l]. Apart from the complications arising from the
backtestability oS the requirement of a largeample andhe larger estimation error than
VaR might be further limitations which must be considej@jd[21]. This shows us that it is

not possible to labeESas definitely superior to VaR without any further considerations.



2.5 Oil & gus prices and equities
In order to understand the dynamics of oil & gagestmentrisks it is useful to describe some
significant fators influencing oil & gas pricasd equities This sectiogives a briebverview

of various driving factors and properties of oil & gas prices and equities.

Variouscontributions show that changes in oil & gas prices have an impact on oil & gas equity
prices[24], [25]. This is illustrated beautifully by figu&5.1which shows the canovement

of the oil priceand the priceof the oil & gas equity portfolio used in this workhisseems
plausibk, as the oil & gas sector relies on energy prj2é$ Furthermore, it was shown that
there are volatility transmissions between oil & gas markets and oil & gas eq[dgs
Therefore, it is imprtant to investigate oil & gas price movements for a better understanding

of oil & gas equities.

1233£i;:edeveloprments oftrl\eoil & gas1equinor$folioand Eirent-:n.lde'oil [02.01.%014-31.12.32_?1_5]
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Figure 2.5.1: Price development of the oil & gas equity portfolio and Brent crude oil (02.01.2014-31.12.2015).
Prices indexed at 100 on 02.01.2014. Source: Author's own analysis.

But what is driving oil & gas prices? This question is very heavily discussed in liteDatere.
main current driving factor of oil & gas prices is demaonding from emerging countries,

such as China or Indi27], [28]. This is based on the fact that these rapidly expanding
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economies are dependent on commaodities to ensure their growtaring in mid that oil &
gas are crucial commodities for various producers and consufg2eils[8]. Furthermore,
political uncertainty in major o& gasproducingcountries financial speculation and resource
depletion contributeto higher volatilityin oil & gasprices[29], [30]. These various driving
factors seem t@wonfirmthat oil & gas prices are very volatidnencompared to other assets
[8], [31]. One more notable fags that oil prices are subjet various shocks, resulting from
the previously described factor82]. These shocks were already observed during
nineteenth century and include the wethown 1973 d price shock and the 20608 oil price

spike[32].

Being highly volatildinancial returns of oil & gas related securitigdl not necessarily follow

a normal distibution [33]. Another interesting property of oil & gas prices is meaverting
behaviour, a typical property for commodity pric29]. Meanreversion makes oil & gas
prices revert to a longerm mean (in real termgR9]. This property mighimit the application

of widely used geometric Brownian motion models for describing oil & gas equity prices.
Therefore, a Monte Carlo simulation approach for estimating VaRE&d 0il & gas equities
could take the mearreversion of prices into consideratiomhich would require a lot of

additional research to make this method efficidi.

Due to variousomplicated factorsand interesting dynami¢®il & gas prices still surprise
experienced economists and finance professls[34]. This isshownby the recent oil price
slide, starting in 201f84], [35]. We caralsosee that oil & gas related assets are volatile and
very difficult to predictThis has verymportant implications for managing and measuringk

of an oil & gas related investment.
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3. Data & Methodology

This section describes the data and the methiodees used in the conducted analysis. The
emphasis is on letting the data speak, by using unmodified, pure historical data, in order to
determine the suitability of ES and VaR as risk measures for oil & gas related securities during
turbulent times. The malysis should also show whether a parametric approach for VaR and

ES estimation is appropriate or not.

3.1Data

The portfolio analysed in this work consists of 10 equally weiglggdities of major
international oil & gas companiesamely:The Royal Deh Shel(UKNL), BP (UK) Exxon
(USA) Chevron(USA) OMV (Austria), Total (France), Eni (Italy), Lukoil (Russia), Gazprom
(Russiagnd Statoil (Norway)Theequitiesincluded in this portfolio were chosen to represent
US, European and Russian oil & gammanies.Furthermore, this work also looks at Brent
crude oil price, West Texas Intermediat&Tl) oil price and the S&P 50@lex, in order to

compare variouslescriptive statistics and thexceedance rates of VaR aB&

All dailypriceswere extactedfrom Thomson Reuters Datt&am in USD, in order to allow
for a direct comparisonThe analysed period star 2'd January 2014 and ends at thes81
December 2015. This period consists of 521 dailyirdogrices or 520 daily returrfer the

period between3™ January 2014 and $December 2015Choosing this specific time period
is meant to cover the oil price slide, starting2014. Calculations were conducted using

Matlab.
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3.2Methodology

3.2.1 Continuously compounded daily returns

Theanalysignakes use ofiaily continuously compounded returis Ol f Odzf 1 SR dzA A Y
oprice2ret function [36]. The mathematical formula for calculating dailyontinuously

compounded returngan be represented as follows:
i 110 110
Whererirepresents the continuously compounded daily return at .1 and P represent

the daily closing prices at d&yl anddayt, respectively.

3.2.2 Rolling standard deviation

The3-day rolling standard deviatiois calculatecover the period from 3 January 2014 to

315t December 2015in order to show the volatility dynamics over time. This roHiigdow
approach is used in practice andnsuitive [1], [37]. It might be not suitable for forecasting
purposes due its poor forecasting performar&8], however, it is very good to show how

GKS @2t 0AfAGE 0SKI ZBNGS 2 ONEBNIINERESB (etsithend@itgd A & |
speak for itselfThe goal of this work is not to forecast any volatilities and therefore, the rolling
window approach is absolutely sufficient to illustrate past volatility dynaniibgereby, the
standard deviation isaiculated in rolling3-day blocksThe 3day rolling standardleviation

, O canbe represented as follows

i1 [; represents then-day mean of the analysed return ser@stimet andr; is thedailyreturn
of thei-th dayin the corresponding threglayblockwithn = 3 Inadditioni 2 (KA &YX (G KS &

12



standard deviations are calculated for the periods betw&&hJanuary 2014 15t January

2015 2" January 2015 315t December 201&nd 3" January 2014 315 December 2015

3.2.3 Skewness &urtosis

Skewressis ameasure of asymmetry for thgrobability distributionof the analysed financial
returns aroundtheir mean A negative skewness means that the diaition of the analysed
returnshas a long tail to the left, indicating few extreme losses. A paesgkewness means
that the distribution of the analysed returns has a long tail to the right, indicating few extreme

gains.[40]

The skewnessf a sample over timécan be represented mathematically as follo@8]:

Whereri is the daily returrof thei-th day,n is the number of observations,[is the mean of

daily returns over time periotland,, is the standard deviationfdhe daily returns over time

periodt.

¢CKS 1dz2NI2aAa AYRAOIGSA (GKS aiul Af SRySaaé¢ 27F
[40]. A normally distributed sample has a kurtosis of 3 and is called mesokurticklfrtosis

is above 3, the distribution is said to be leptokurtic and, thus has fatter tails than a normal

distribution. Kurtosis can be representedathematically by the following formul40]:

DOi 0éi e B
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The skewness and kurtosis of the analysed financial returns are calculated for the following
time periods:3'@ January 2014 15t January 20122 January 2015 315 Decembef015and

34 January 2014 315t December 2015

Kurtosis and skewness are important indicators of how the analysed financial returns are
distributed[41]. They might indicate, whether a parametric approach (e.g. assuming Higrma

distributed financial returns) for estimating VaR dB8fis appropriate or not.

3.2.4 JarqueBera test

TheJarqueBera test helps to determine if a set of financial returns is normally distributed or
not by checkindhow good the kurtosis and skewness of tealyseddataset fit those of a

normal distribution[40]. The test statistidB[5] is represented as follows:

rrrrrr

. %é YOQO & 'Q? 061 6¢ic0i

The null hypothesisfdahe JarqueBera test states that the analyseédtaset follows a normal
distribution, while the alternative hypothesis states that the analydathset does not follow

a normaldistribution[5]. The test statistic follows a chquare distribution with 2 degrees of
freedom [5]. However, Matlab uses a different approaftir samples with less than 2000
observations by comparing the test statistic to critical values obtained from a Monte Carlo
simulaton for higher accuracy42]. The Jarqudera testat the 95% confidence level is
conducted for the following time periods of the analysed returB8:January 2014; 1%t
January 20152" January 2015 315t December 201and 3" January 2014 315 December

2015

14



3.2.5 Negative3-sigma returns

Portfolio managers are interested in knowing how oftarge losses occur. Calculating the
amount oflosses beyond three negative standard deviations from the mean is a simple but

clear indicéor of extreme events[41]

The negative 3igma returns are calculated for the portfolio, Brent oil, WTI oil and the S&P
500 index ovethe followingtime periods 3" January 2014, 15t January 20152" January

2015¢ 315t December 2015nd 3 January 2014 315t December 2015

3.2.6 Valueat-Risk and Expected Shortfall

The basics of VaR atbare described imprevious sectionsThis work makes use of the
historical simulation approach for estimatimgily VaR anceES Hereby, he dataset of the
analysed financial returns is split into two parts. The first part includes the financial returns
from 39 January 2014 tosiJanuary 2015 and the second part includes the financial returns
from 2" January 201%0 315t December 2015. Enfirst part is used to find #8195% VaR and

the 95%ES while the second part is used to see how often these estimates are exceeded.
The exceedance rag@f the portfolio, oil priceand S&P 50hdex returns arealculated, in
order to check whether théosses exceeded the VaR dafestimates by more than 5%. This
should give a basic intuition about the performarafdboth measures of risk which is a major

goal of this work.

VaR ancESestimates will be presented afaily possibldosses in percentagesid in USD,

based on an initial investmentfd m. USD in the corresponding security.
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4. Results

This section presents the results of the analysis done in this work, in order to proceed with
interpretation and further discussiomn a later section. Descriptivestatisticsover various
periods arepresented, followed by the exceedance rates from the VaR B8dnalysis.
Histograms representing the distribution of the analysed retuamsl other diagrams
illustrating the financial returnand price developments o$ecuritiesanalysed in this work

can be found in Append.1

4.1Descriptive Statistics

3d January 2014 315t December 2015

Almost all analysed financial daily returns exhibit negative mean returns over the period from
34 January 2014 to 31Decemler 2015.The daily returns of the S&P 500 indmnstitute an
exception with aslightly positivemeanreturn of +0.02%. The equally weighted oil & gas
equity portfolio exhibits a mean return 9.09% while Bretrcrude and WTI crude haveean

returnsof -0.21% and0.18%, respectively.

Further, dl analysed daily returns exhibit excess kurtosith kurtosis valuesanging from
4.85to0 7.07. The portfolo daily returns have kurtosis 0f4.85 while the S&P 50drily returns
have akurtosis 0f5.39.The daly returns of Brent crude ollavea kurtosisof 7.07 and their
counterparts from WTI crudeil have a&urtosis of 553.Brent and portfolio daily returns are

slightly positively skewed, while WTI and S&P 500 daily returns are slightly negatively skewed.

With respect to standard deviations, the S&P 500 daily returns are the least volatile with a
daily standard deviation of 0.84%. On the other hand, Brent and WTI daily returns have daily
standard deviations of 1.87% and 2.37%, respectivtytfolio dailyreturns have a daily

standard deviation of 1.32%.

16



While WTI, S&P 500 and portfolio daily returns all had 4 negatig®a returns, Brent daily

returns only exhibit Z1egative3-Sigma returns.

The JarquédBera test at the 95% confidence level indicateat thll analysed financial returns
are not normally distributedTable4.1.1summarises the descriptive statistics of the analysed

financial returns

Mean returns in % Skewness Kurtosis Standard Deviation Neg. 3-Sigma Returns
Brent -0.21% 0.38 7.07 1.87% 2
WTI -0.18% -0.05 5.53 2.37% 4
S&P 500 0.02% -0.32 5.39 0.84% 4
Portfolio -0.09% 0.05 4.85 1.32% 4
Table 4.1.1: Summary of the calculated descriptive statistics for the daily returns of Brent crude oil, WTI crude oil, the S&P 500 index and the equally
weighted oil & gas equity portfolio over the period of 3™ January 2014 — 31* December 2015. Source: Author's own analysis.

As visible in AppendB.2 thedaily returns of the portfolio exhibit stronger volatility dynamics
thanthose of the S&P 50@While the 3-day rolling volatility of portfolio daily returns have a
spike around March 2014, most volatility dynamics took place in 2015 with values reaching
4.5%. It is also noteworthy that both rolling volatilities peaked togetreund 4% in August
2015. However, the volatility dynamics of the S&P 500 remain calmer than those of the oil &

gas equity portfolio.

WTI crude oildaily returns exhibit the strongest volatility dynamics. Not surprisingly, WTI
crude oil3-day rolling volslities havesimilar patternswith their Brent crude oil counterparts
in the sense that volatility dynamics in both series increased visibly during 28Msible in

AppendixB.2

However, the volatility of WTI crude oil daily returns remains highen tte volatilities of

Brent crude oll, portfolio and S&P 500 retuyas visible in AppendB.2
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We can observe strong volatility dymécs in Brent daily returns, starting arouttte end of
November 2014 with -8lay rolling volatility values around 68tring the end of November
2014, February 2015 and September 20@Grthermore, Brent daily returns volatility is higher
and more dynamic than the volatility of S&P 500 daily returr@P 500 &lay rolling
volatilities peaked in Augusk015 around 4%.All voldility dynamics are represented

graphically in Appendi.2

3d January 2014 1st January 2015

The time period between '8 January 2014 ands1January 2015 exhibits negative mean
returns for almost all analysed daily returns. The daily returns of tHe B# once again are
slightly positive with a value of +0.04%. With regards to skewness, Brent crude oil returns
show a value 0f2.17, followed by WTI crude oil returns with a valuelo#6. The portfolio

and the S&P 500 daily teins are also negativekewed

Both crude oil daily returns seem to have fat tails, indicated lyrtosis of 1%4 forBrent
and 1082 for WTI. The S&P 500 daily returns have the lowesbsis value of 419. The

analysed portfolio exhibits laurtosisof 5.98.

WTI crude oitlaily returns remain the most volatile over the analysed time period withily
standard deviatiorvalue of 1.65%followed by Brent daily returns, showing a daily standard
deviation of 1.17%. The oil & gas equity portfolio has a daily standard dev@itih06% and

the S&P 500 has the least volatile daily returns with 0.70% daily standard deviation.
Interestingly, the S&P 500 daily returns have the highest number of negaBign3a returns,
while Brent daily returns have only 2 negatiwSigma returs, despite being more volatile.

These findings are summarised by table 4.1.2.
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Mean returns in % Skewness Kurtosis Standard Deviation Neg.-3-Sigma Returns
Brent -0.26% -2.17 15.64 1.17% 2
WTI -0.22% -1.46 10.82 1.65% 3
S&P 500 0.04% -0.44 4.49 0.70% 1
Portfolio -0.11% -0.12 5.98 1.06% 3
Table 4.1.2: Summary of the calculated descriptive statistics for the daily returns of Brent crude oil, WTI crude oil, the S&P 500 index and the equally
weighted oil & gas equity portfolio over the period of 3% January 2014 — 1% January 2015. Source: Author's own analysis.

The JarquéBera test at the 95% confidence level shows that all analysed financial returns are

not normally distributecbver the analysed time period.

2" January 2015 315t December 2015

Brent, WTI and portfolio daily returns have negative mean returns for the periodf 2
January 201§ 315t December 2015. The S&P 500 daily returns have a slightly negative mean
of -0.0028%t is noteworthy that almost all analysed daily rets exhibit positive skewness

exept the S&P 500 daily returns.

Furthermore, the kurtosis valserange from 3.69 to.B6 which is lower than the values
obtained for other analysed time periodBoth aude oil daily returns show higher daily

standard devitions than portfolio and S&P 500 daily returns.

The S&P 508asthe highest number of negative-Sigma returns, while Brent daily returns

do not show any negative-Sigma returnsThese statistics are summarised in table 4.1.3.

The JarqudBera test at thé©5% confidence level shows that all analysed financial returns are

once again not normally distributed over the analysed time period.

Mean returns in % Skewness Kurtosis | Standard Deviation Neg.-3-Sigma Retumns
Brent -0.17% 0.59 4.48 2.38% 0
WTI -0.14% 0.18 3.69 2.91% 1
S&P 500 -2.80E-05 -0.23 5.06 0.96% 3
Portfolio -0.07% 0.07 3.92 1.54% 1

analysis.

Table 4.1.3: Summary of the calculated descriptive statistics for the daily returns of Brent crude oil, WTI crude cil, the S&P 500 index
and the equally weighted oil & gas equity portfolio over the period of 2" January 2015 — 31% December 2015. Source: Author's own
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4.2Valueat-Risk and Expected Shortfall violations
We recall that the 95% VaR and 9%%values were estimated usingpily data from 3!
January 2014 tos1January 2015 and tested for exceedances using daily data fibdaruary

2015 to 3*'December 2015.

Table4.2.1summariseshe 95% VaR and 992®values apossible dailyosssin percentages

and in USD, based @an initial investment of In. USD As expected, th&Sestimates are

more conservative than the VaR estimates. WTI crude oil exhibits the largest 95% VaR and
95%ESpossibledaily losses The S&P 500 has the lowest possithégly losses according to

the correspondin@5%VaR an@®5%E Sestimates. The oil & gas equjigrtfolio has a possible
dailyloss of 18,635.20 USD according to its 95% VaR estimate and 27,436.72 USD according

to its 95%ESestimate, based on an initial investment ofril USD.

85% VaR
(lossinUSD) | 95% ES (loss in USD) 95% VaR (in percentage) 95% ES (in percentage)
Brent 22,195.04 36,378.64 -2.22% -3.64%
WTI 32,524.62 49,294.78 -3.25% -1.93%
S&P 500 12,616.51 17,778.91 -1.26% -1.78%
Portfolio 18,635.20 27,436.72 -1.86% -2.74%
Table 4.2.1: 95% VaR and 95% ES loss estimates in USD (based on 1 m. USD investment) and in percentages. Source: Author's own
analysis.

Theexceedance rateand number of exceedances ftre 95% VaR and the 932&for Brent,
WTI, S&P 500 and portfolio daily returns amesented in tablet.2.2 Brent crude oil daily
returns show the highest exceedance rates for both, the 95% VaR and thESsimates.
The 95%/aR estimate for Brent daily returns was exceetl®@d6% of the time instead of the
expected 5%. The 95&Sestimate of Brent daily returns was exceeded 6.15% of the time,
rather than 5%0n the other hand, S&P 500 daily returns exhibit the lowest excemtleates

for the corresponding 95% VaR estimatéhe S&P 5005% VaR estimate was exceeded
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8.85% of the time instead of the expected 5%. Further, the BS&stimateof S&P 500 daily
returnswas exceeded.d86% of the time, which is below the expected. 2% for the analysed

oil & gas equity portfolio, the corresponding 95% VaR estimate was exc&62% of the

time which is higher than the expected value of 5%. On the other hand, the exceedance rate
for the 95%ESestimae of portfolio daily returns wasnly 3.08% of the time. This is visibly

below the expected value of 5%.

Exceedances
of 95% VaR Exceedances of 95% ES Exceedance rate 95% VaR Exceedance rate 95% ES
Brent 48 16 18.46% 6.15%
WTI 30 12 11.54% 4.62%
S&P 500 23 9 8.85% 3.46%
Portfolio 25 8 9.62% 3.08%
Table 4.2.2: Number of exceedances and exceedance rates for the 95% VaR and 95% ES estimates for Brent, WTI, S&P 500 and
portfolio daily returns. Source: Author's own analysis.

5. Interpretation of results
The presented results are discussed and interpreted in this section. This includes interpreting
and discussing some presented statistical properties dred éxceedances of VaR ak$

estimates.The main findings are that:

i) The analysed returns are not normally distributed.

i) The vlatilities of crude oil and oil & gas equities increased significantly during
2015.

iii) Crude oil and oil & gasqjuitiesdaily returnsare more volatile than S&P 500 daily
returns.

iv) ESclearly outperforms VaR, in terms of exceedances.

Each finding will be dcussed in a separate section. Furthkrsikations and other relevant

diagrams can beotuind in Appendices B.1 and B.2
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The analysedeturns are not normally distributed

The analysed financial returns exhibit excess kurtosis andzaom skewness values for all
studied time periods. Furthermore, the conducted Jardiera tests at the 95% confidence

level indicateclearlythat the analged seriesre not normally distributed

Thereby, it is noteworthy that the equally weighted oil & gas equity portfolio lost
approximately 27% of its value betwe@rf January 2014 and*WJanuary 2015. Looking at
the time period between ® January 20140 315t December 2015, the portfolio shows a loss
of approximately 4@%oas visible in AppendR.1 Thisindicatesthe presence of frequent and
large losses among portfolio daily returns. The presence of 4 negaf®ign® returns over

the period from & January 2014 to 31December 2015 indicates the occurrence of extreme
lossesFurthermore, the mean returns of the portfolio were slightly negative over all analysed
time periods.Those losses were probably triggeredabgrim outlook for the oil & gas sr,

due to oversupply and slowirgjobaleconomic growtH35].

Brentand WTI crude oil daily returns show high kurtosis vafaeshe time period between
the 39 January 2014 ands“WJanuary 2015. Together with clearlgmzero skewnessvalues
for both crude oil daily returnsthese properties show that those returns are not normally
distributed. This was also confirmed BgrqueBera tess, conducted at the 95% confidence
level. Brentdaily returns have Zegative 3Signa returns, while WTI daily returns have 3
negative 3Sigma returns during the time period betweel 3anuary 2014 ands1January
2015. These valuasdicate the presence of extreme events, leading to lossedatrdils for
both crude oil sorts. Indeedhe price of Brent crude oil tumbled frod09.07 USD per Barrel
on 24 January 2014 t&65.84USD per Barrel ot January2015 as shown by the analysed

data. As with portfolio daily returns, the mean returns of Brent and WTI daily returns over all
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analysed time periods are slightly negative. This underpins the fact that these assets

experienced a price declirguring 2014

Thesefindings havevery important implicationsFirstly, a parametric approach, relying on
Gaussian distributions, is not suitabte estimating VaR andSor oil & gas related securities.
This is justified by th@on-normal properties of the distributions of the analysed financial

returns.

Therefore, the use of historical datéth non-Gaussian propertie®r VaR andESestimations
yields results which are closer to the real characteristics of the analysed financial returns.
Relying on parametric assumptions for estimating VaR &S8fbr oil & gas related securities

might lead to disastrous outcomes and is not recommended.

The Voldlities of crude oil and oil & gas equities imased significantly during 2015

The ol price slide started already in 2014, however, the decrease in crude oil prices and oil &
gasequity prices continued in 2015, accompanied by increasing volatilityrdicga The dlay

rolling standard deviation analysidsa shows that the volatility focrude oil increased
significantly during 2015. As expected, oil & ggsitiesalso followed this trend and exhibit
increased volatilities during 2015. This phenomeonld be explained by risingncertainty

about global and Chinese growth, in addition to ongoing concerns over excessive supply of

crude oilandspeculation activitie§43].

AppendixB.2illustrates the 3day rolling volatilites of the oil & gas equity portfolio and the
S&P 500 daily return®Ve can observe that the volatility of the portfolio shows a spike around
March 2014, probably the result of speculatiactivitieslinked to the events in Ukraine and

Russa [44]. This confirmghat oil & gas related securities are sensitive to major geopolitical
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events.However, it was not until December 2014 where portfolio daily returns started to

exhibit frequent and extreme volatility spikesontinuing thoughout 2015

These volatility spikes are probably caused by the oil price hittipgab lows, leading to a
grim outlook for oil & gagquities [45]. Thedrop in oil prices was initiated by signs of a
weakening global economgbservablan December 201{85]. Furthermore, as oil prices are
strongly influenced by production and storage data, it seems plausible that very high crude
oil inventories in Cushing (Oklahoma) and increasing odymtion led the oil price to tumble

[46], [47].

The volatility dynamics of portfolio daily returns were much stronger in 2015 because of a
continuing oil price slide andn overall higher volatilityin financial markets [48]. The
increasing market volatility in 2015 could be justified by many factors, including the economic
slowdown in emerging markets, illiquidity pockets in some security markets, blikblasset
prices in Chinese markets and eroding confidence in policy mgk&is Many experts,
including EErian[48], think that strong volatility dynamics in financial markets are here to

stay and that 2015 wsjust the beginning of a new era of market volatility structure.

Crude oil and oil & gamguitiesdaily returns are more vdiige than S&P 500 daily returns

Overall, oil & gas related securities are shown to be more volatile than a leaaty index,
represented by the S&P 500. Similar findings have been reported in the literature, however,
the data used in this analysis is more up to date and focuses on the oil pricétstgestified

to assume that the oil price slide and uncertainty in globainaitkets reinforced the higher

volatility in oil & gas related securities.
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As higher volatility if often associated with extreme tail losses, it is reasonable to expect that
a classic VaR approach will not offer the most reliable measure off iskhigker volatility in
oil & gas related securities resulieom various factorsinfluencing oil & gas prices and

commodities in general.

EXlearly outperfoms VaR, in terms of exceedances

The analysis shows that for all analysed financial ads8fsoved to be a more reliable
measure of riskin termsof exceedances. This is based on the fact Bfdonsiders tail losses
and therefore the 95 %ESestimate is more conservative than its VaR counterpart. Strong
fluctuations in prices during 2015, caused byréasing volatility dynamics, led to a higher
exceedance rate for the VaR estimates of all analysagns. Some reasons responsible for

exceedances of VaR and ES estimat@915 are presented below.

Looking at S&P 500 daily returns, we observe that August 80d%'s clear exceedances of
both, VaR andESestimates as illustrated in figure5.1. This canbe explained by the
devaluation of the Chinese currency and concerns over global and Chinese .gfagthst

2015 was also one of the worst months fbe S&P 50049]

As visible irfigure 5.1 the beginnng of SeptembeR015also witnesses a violation of ot
estimatesof S&P 500 daily returngrobablycaused by weak Chinesad USnanufacturing

data [50]. During the last part of September 2015, we csee another violationof both

estimatesin figure 5.1, as aresult of market turbulences caused lnore pessimist views on

Chinese growth, uncertainty about the Federal Reserve policy, the negative effects
+2f1agl3SyQa RASaASt a0lyRIFf |yR [RlA@Greitd Ay iAY
noteworthy violation of both estimates happened in December 2@kbSilustrated in figure

5.1, causedby fears of theFed rate hikd Y R -2 TaMNeh 30| S K GARHzNI 6 & G NI RS
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204 VaR and Expected Shortfall Violations of S&P 300 Daily Returns (02.04.2045 - 34.12.20135)
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Figure 5.1: Violations of the 95% VaR (yellow) and 95% ES [red) estimates of S&P 500 daily returns. Source: Author's
own analysis

As for WTI and Brent daily returns, we can see thalations of VaR anBSestimates are
justified by bad news regarding oil markets, such as US oversupply and the oil priog hitti
low levels.As visible in figur®.2, WTI daily returns violated their VaR aB$estimates in
February 2015 significantly due to oversupply concerns in thandlSa downward price
correction [53]. Figure5.2 shows thatin April 2015 WTI daily returns exceeded both loss
estimatescaused by increasing US oil inventories and increasing Saudi Arabian oil production
[54]. During the beginning of July, WTI daily returns recorded one more violatidreiofaR
andESestimatesas a result of concerns regarding the Greek debt crisis and expectatians of
nuclear dealith Iran[55]. This is also visible in figuse2. WTIcrude oil daily returns recorded

one more significanexceedance of bothisk estimatesn September 2015visible in figure

5.2, because of the market turbulences mentioned earljgd], [50].
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Figure 5.2 Violations of the 95% VaR (yellow) and 95% ES (red) estimates of WTI crude oil daily returns. Source:
Author's own analysis.

During the first week oflanuary 2019Brent daily retirns exceeded their VaR artlS
estimates as visible in figur6.3. This led to afear low in the price of Brent crude ¢46].

March 2015 also recorded a violation of both estimates, as visible in fig8rerobably due

to a loss of confidence in oil stocks/]. Further,Brent daily returns exceeded their VaR and
ESestimates in JuhAugustand Septembe2015 due to pressure coming from a slowing down
Chinese markieand risingoil production[58], [59]. Turbulences in financial markets during
September 2015 also caused Brent daily returns to exceed their corresponding risk estimates
[51]. December 2015 wnessed a violation of both rigkstimatesof Brent daily returns as a
result of discouraging news from the December 2015 OPEC m¢&dhdhese violations are

all visible in figuré.3. It is noteworthy that the VaR an8Sestimates of Brent daily returns
were violated more frequently than their WTI crude oil counterparts. However, the
exceedances in Brent daily returns are not as heavy as those in WTI daily returns. This could
be justified by the fact that WTI crude oiltteded more frequently{47], and thus more

affected by financial speculation, leading to higher volatditgl more extreme events
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Figure 5.3: Violations of the 95% VaR (yellow) and 95% ES (red) estimates of Brent crude oil daily
returns. Source: Author's own analysis.

Portfolio daily returns recorded the lowest exceedance rate tfugir ESestimate. The
analysis shows few but significant exceedances ofEBestimate for Portfolio daily returns.
The strongest exceedances are associated with the oil price hitting recordriclesuary
2015, a loss of confidence ioil stocksin March 2015 and the previouslgiscussed
turbulences in August and September 2Q%86], [57].One more noteworthy exceedance was
recorded in December 201%ecause othe disappointing outcome of the December 2015

OPEC meetin®0]. These exceedances are illustrated in figbwe
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WaR and Expected Shortfall Violations of Portfolio Daily Returns (02.04.2015 - 31.12.20135)
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Figure 5.4: Violations of the 95% VaR [yellow) and 95% ES (red) estimates of WTI crude oil daily returns. Source:
Author's own analysis.

These results show that portfolios with volatile assets, such as oil & gas related securities, are
better served by applyingSas a risk measuréurthermore, it is alsateresting to see that

oil & gas stocks are more volatile than the S&P500 but less volatile than crude oil. The
increasing volatility dynamics experienced during 2015 might become the new norm of the

market and thereforeESs definitely a better alternave to classic VaR.

6. Discussion and further research

The presented findings could be complented by furthertechniques and incorporated into
various further research. This section suggests some ideas which could be applied, in order to
provide more insighinto the presented analysis or to look at the whole research question

from a different point of viewThese suggestions could be summarised as follows:

i) Backtesting VaR arifiSestimates.
i) A4S Y2NB aGaidNBaaEsestmaten GF F2N £Fw | yR
iii) Using historical simulation andExtreme Value Theory (EVT) for VaR &8l

estimation
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iv) Modelling volatility dynamics, using the Exponentially Weighted Moving Average

(EWMA)approach.

Each suggestion is discussed in a following subsection.

Backtesting VaR arf8Sestimates

Although the exceedance rates already provide a good indication of the efficienE of
compared toVaR backtesting the estimates for all analysed financial returns will underpin

the results statigtally.

While there might be widely used and popular béesting procedures for VaR, there is still
an ongoing discussioregarding the backtesting dES However, VaR estimates could be

backtested using the popular, twailed Kupiec tesf61].

A possibletechnique for backtestinthe ESestimate, based on a ngparametric approachs
presented by Emmer, Kratz and Tas¢62]. Thisis basically an approximation of tHeS
estimate, usingd VaR estimateg62]. Thereby, the 9% ESis approximated by equally
weighting the 95%96.25%, 97.5% and the 98.75% VaR estimates of the corresponding
dataset, given these VaR estimates have been successfully backfé2ietHowever, this
might require a large ataset, in order to provide successfutlgckested VaR estimates and

higher accuracy for thapproximatedESestimate[62].

The strength of this backtesting procedure lies within its simplicity and the fact that it does
not requre Monte Carlo simulations, as opposed to backtesting techniques suggested by
Acerbi and Szeke[23], [62]. Although this test might seem as an inaccurate approximation,
its simple implementatiorand empirical performance might make it the favoured approach

by regulators and practitionefd.7].
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Future research might use a larger dataset than the one used in this analysis and apply this
technique for backtesting:Sestimates.More information aboutthe backtesting procedure

of Emmer, Kratz and Tascban be found if62].

Use mored 4 (i NRlatarfd® RaR andESestimation

Oil & gas related securities witnessed interesting price and volatifivamics during specific
events. One welknown event is theecent financial crisis of 2068 where the prices of oll

& gas related securities skyrocketed before plummeting shaj@4.

For example, historical data includiegents with a significant impact on the oil price and on
oil & gasequitiesmight be incorporatedn future analysis. This could beplementedby

using historical crude oil and oil & gaguities daily returns from the 2069 financial crisis.

Furthermae, a simulatiorbased approach might be carefully applied to produce return
distributions representing sharp price declines as witnessed during the recent financial crisis,

in order to estimate VaR artdS

By looking at difficult periods for oil §as 6f I G SR & SOdzNA GASAIESIKA A
estimation, could prepare investors fovery bad scenarios. However, this approach might
constantly lead to very conservative VaR &#ineasuresiuring calm timesTherefore, this

approach could complement, tlzer than replace, the usual VaR a&&estimation. Hull

discusses this procedure [i2].

Usinghistorical simulation an&VT for VaR arfSestimation

lf 0 K2dzZAK KAAG2NAROFE &AYdz | (ARSstiates rédyingoni KS R
historical data are very sensitive to sample sigd. Therefore, we might need a way to

produce more accurate VaR aB@estimates, especially when we have to estimate them at
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very high confidence levels, suak 99.9%. A small dataset is problematic, if combined with
such a high confidence level, as there might be very few observations in the left tall

(representing losse®)f returnsdistribution. [1], [2]

EVT provides a way of fitting the ledtl of the analysedistoricalfinancial returns, in order
to allow for fatter tails and extreme eventf. is smoothing the left tail of the used daily
returns, allowing for larger losses to be representedfyst ¢ SEG SYRSRé f STG G 7

financial returns[2]

EstimatingVaR andESusing this approaclappears to bevery attractive, as it seems to
overcome sample size issues associated with historical simulation. We diealdare that

EVT might still be inaccurate if relying ornvery small dataset of historical returngl].
Furthermore, EVT makes assumptions regarding the decay of the left tail of the analysed
distribution, which could be ptadematic [1]. However, itmight produce more accurate
SaGAYFGSa KKy az2ftSte NBfeAy3a 2y aLIzNB ¢ KAadl

[2] and[5].

Modelling volatility dynamics, using the EWMA approach

Despite its simplicity, the-8ay rolling window approach for volatility modelling has the
shortcooming of weighting allobservationsequally [39]. However, the EWMA approach
overcomes this weakness byiodelling volatility withmore weight attributed to recent
observations and anxponentially declining weight given tdder observation$l], [39]. This

is useful as current volatility levels are more likely to be more influenced by recent

observationsrather than older observation4].
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This might result in a better indicator for volatility dynamics over thalgsed periods.
Furthermore, the EWMA model does not assume that the modelled variance is-mean
NEBOSNIAYIS gKAOK Aa Ay | Gy hRdmiEOBichdparsisk (2 R &
high leveld48].

The widely praisedsSARCH(1,1) model may also be investigated as an alternative to model

volatility, however, it assumes that the modelled variance is raeaerting which might be

problematic and it does not give an intuitive, modfke representation of volatility2], [39].

Further research and empirical evidence, using contemporary data, are definitely required, in
order to know which models fibest for modelling volatility dynamicMore information on

the EWMA and GARCERN be found if2].
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7. Conclusion

Historical data coveng the oil price slide in 20145 was used, in order to determine the
suitability of V& and ES as risk measuresdibr& gas related securitie3.he idea of using
nonY2RAFASR KAAG2NARAOIt RIGF Aa G2 aftS4G GKS

empirical facts.

Descriptive statistics show that thenalysed financial returns are not normally distributed.
This should discouraghe use of a pamnaetric approach for VaR and ES estimation for oil &

gas related securities.

In addition to this, the rolling standard deviation analysis shows that the volatility dynamics
of oil & gas related securities increased tremendously during 2015. The conducgdian
also confirmed that oil & gas related securities are more volatile than a broad index, such as

the S&P 500.

VaR and ES were estimated using data fréhd@uary 2014 tos1January 2015 and tested
for exceedances using data frorff danuary 2015a 315t December 2015. He exceedance
rate analysis of both risk measures clearly shows that ES is a more conservative and reliable

risk measure than VaR for all analysed financial securities.

However, these results could be complemented by appropriatéiesting of VaR and ES
estimates and extended by a larger dataset and further methodologié= findings
presented in this work might be useful for portfolio managers, risk managers and investors

exposed to the oil & gas sector.
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B. Appendix

B.1 Daily returns, price developments and histograms
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Returns

Brent crude oil daily returns (03.01.2014-31.12.2015)
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Indexed Price

20Price developments of the oil & gas equity portfolio and Brent crude oil (02.01.2014-31.12.2015)
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Indexed Price

Price developments of the S&P500 index and Brent crude oil (02.01.2014-31.12.2015)
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Pric¢1e2c(|)evelopments of the S&P500 index and the oil & gas equity portfolio (02.01.2014-31.12.2015)
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