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Abstract 

The importance of sound financial risk management has become increasingly emphasised in 

recent years, especially with the financial crisis of 2007-08. The Basel Committee sets the 

international standards and regulations for banks and financial institutions, and in particular 

under market risk, they prescribe the internal application of the measure Value-at-Risk. 

However, the most established non-parametric Value-at-Risk model, historical simulation, has 

been criticised for some of its unrealistic assumptions. This thesis investigates alternative 

approaches for estimating non-parametric Value-at-Risk, by examining and comparing the 

capability of three counterbalancing weighting methodologies for historical simulation: an 

exponentially decreasing time weighting approach, a volatility updating method and, lastly, a 

more general weighting approach that enables the specification of central moments of a return 

distribution. With real financial data, the models are evaluated from a performance based 

perspective, in terms of accuracy and capital efficiency, but also in terms of their regulatory 

suitability, with a particular focus on the Swedish market. The empirical study shows that the 

capability of historical simulation is improved significantly, from both performance perspectives, 

by the implementation of a weighting methodology. Furthermore, the results predominantly 

indicate that the volatility updating model with a 500-day historical observation window is the 

most adequate weighting methodology, in all incorporated aspects. The findings of this paper 

offer significant input both to existing research on Value-at-Risk as well as to the quality of the 

internal market risk management of banks and financial institutions. 
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Sammanfattning 

Betydelsen av sund finansiell riskhantering har blivit alltmer betonad på senare år, i synnerhet i 

och med finanskrisen 2007-08. Baselkommittén fastställer internationella normer och regler för 

banker och finansiella institutioner, och särskilt under marknadsrisk föreskriver de intern 

tillämpning av måttet Value-at-Risk. Däremot har den mest etablerade icke-parametriska Value-

at-Risk-modellen, historisk simulering, kritiserats för några av dess orealistiska antaganden. 

Denna avhandling undersöker alternativa metoder för att beräkna icke-parametrisk Value-

at-Risk, genom att granska och jämföra prestationsförmågan hos tre motverkande 

viktningsmetoder för historisk simulering: en exponentiellt avtagande tidsviktningsteknik, en 

volatilitetsuppdateringsmetod, och slutligen ett mer generellt tillvägagångssätt för viktning som 

möjliggör specifikation av en avkastningsfördelnings centralmoment. Modellerna utvärderas 

med verklig finansiell data ur ett prestationsbaserat perspektiv, utifrån precision och 

kapitaleffektivitet, men också med avseende på deras lämplighet i förhållande till existerande 

regelverk, med särskilt fokus på den svenska marknaden. Den empiriska studien visar att 

prestandan hos historisk simulering förbättras avsevärt, från båda prestationsperspektiven, 

genom införandet av en viktningsmetod. Dessutom pekar resultaten i huvudsak på att 

volatilitetsuppdateringsmodellen med ett 500 dagars observationsfönster är den mest användbara 

viktningsmetoden i alla berörda aspekter. Slutsatserna i denna uppsats bidrar i väsentlig grad 

både till befintlig forskning om Value-at-Risk, liksom till kvaliteten på bankers och finansiella 

institutioners interna hantering av marknadsrisk. 
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1 INTRODUCTION 

In the introduction chapter, the topic of this thesis is presented by first describing its 

background, and second, by relating it to its current relevance in a problem discussion, where 

the research focus is concretised. This, then, leads to the purpose of the study, which is 

divided into three distinct research questions. Finally, there is a discussion on the 

delimitations and contributions of this thesis, followed by an outline of the disposition of the 

report. 

1.1 BACKGROUND 

In late 2007, a financial crisis broke out that nearly caused the global financial system to 

collapse. As a result of a complex interplay of adverse economic events, many banks and 

financial institutions had to be salvaged through acquisition or went bankrupt due to 

insolvency; with insufficient liquidity to repay their debts. The stability of the world economy 

became severely weakened and one could observe sharp downturns in many stock markets 

worldwide. This outcome undeniably demonstrated the frailty of the modern financial system, 

as well as highlighted the importance of sound financial risk management and supervision. 

One fundamental part of effective risk management is the implementation of appropriate and 

accurate risk measures and models. However, when these fail to reflect the true risks of the 

market, as illustrated by the recent financial crisis, the consequences can be catastrophic. 

(Borio, 2008) 

Since 1988, the majority of banks and financial institutions in the world are supervised under 

the regulations called the Basel Accords. These were elaborated and set by the Basel 

Committee
1
 in an effort to improve capital standards in banking systems worldwide and to 

work towards greater convergence in the measurement of capital adequacy (Basel Committee 

on Banking Supervision, 2013). Naturally, one of the main functions of the Basel Accords is 

to regulate and govern banks in order to prevent disastrous episodes like the financial crisis of 

2007-08 from occurring. In Sweden specifically, Finansinspektionen
2
 is in the process of 

implementing even more stringent capital requirements than those prescribed by the Basel 

Committee for the domestic banks (Finansinspektionen, 2011). 

                                                 
1
 The primary global standard-setter for sound banking regulations and supervisory matters. 

2
 The government agency with the mandate to monitor, regulate and control the financial markets in Sweden. 
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According to the regulatory framework, capital requirement for market risk, when determined 

with the internal models of a bank, must be calculated in terms of the risk measure called 

Value-at-Risk. Consequently, Value-at-Risk, commonly referred to as VaR, has become the 

standard measure adopted in the finance industry for estimating market risk (Escanciano & 

Pei, 2012). In non-mathematical terms
3
, Value-at-Risk is defined as the maximum potential 

loss of value in a portfolio due to adverse market movements, for a given time horizon and 

confidence level
4
 (Manganelli & Engle, 2001). 

In the regulatory setting, the calculation of Value-at-Risk must meet the requirements of a 

number of set standards. However, neither the regulations of the Basel Accords nor 

Finansinspektionen prescribe any particular type of estimation approach. In other words, 

banks are allowed to utilise their individually preferred models, as long as they capture the 

significant market risks. On the other hand, if the internal models do not perform sufficiently 

well, the associated bank is subject to a penalty in terms of stricter capital requirements (Basel 

Committee on Banking Supervision, 2006). In light of these circumstances, one is compelled 

to ask: is there a “best” method for Value-at-Risk estimation? 

1.2 PROBLEM DISCUSSION 

Manganelli and Engle (2001) suggest that the results various Value-at-Risk models yield can 

differ substantially from each other. Moreover, inferred by Jadhav and Ramanathan (2009), 

not assessing the underlying risk correctly may result in sub-optimal capital allocation, with 

adverse effects on both profitability and financial stability of an institution. Banks face 

undesirable consequences from both overestimating and underestimating market risk, either in 

terms of inefficient capital utilisation or prospective financial losses of significance, 

respectively. Yet, there is still no single approach for calculating Value-at-Risk that is 

commonly recognised as superior (Sinha & Chamú, 2000). Therefore, selecting an adequate 

model from the vast number of existing Value-at-Risk methodologies is a considerable issue 

for a bank. 

A recent investigation by Finansinspektionen highlighted a number of analytical and 

systematic weaknesses concerning the internal Value-at-Risk models of some of the major 

Swedish banks and financial institutions (Finansinspektionen, 2012). Three of the banks, 

                                                 
3
 The mathematical definition can be found in the theoretical framework. 

4
 A measure of the reliability of a result in statistics. A confidence level of 99% or 0.99 means that there is a 

probability of at least 0.99 that the result is reliable. 
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namely Handelsbanken, Nordea and SEB, state in their respective reports on risk management 

and capital adequacy
5

 that their internal Value-at-Risk models are based on historical 

simulation (Handelsbanken, 2011; SEB, 2012; Nordea, 2013). Historical simulation, often 

referred to as HS, is a non-parametric method that is comparably easy to implement and 

conceptually simple, as it requires minimal parametric assumptions about the underlying 

return distribution of a portfolio. Instead, it draws on scenarios based on samples of historical 

data and, therefore, presumes that the near future can be sufficiently represented by the recent 

history (Kaylvas, et al., 2004). 

The main problem addressed in this thesis, however, refers to the complications derived from 

some of the underlying assumptions of the prevalent historical simulation method, and how it 

may result in inaccurate Value-at-Risk estimations. Many authors have expressed a number of 

shortcomings of ordinary historical simulation as a Value-at-Risk model. Firstly, as discussed 

by Holton (1998), since real market conditions in general are non-stationary, the distributional 

properties of the sample data used by the model may not be reflective of the current market 

situation. Considering historical data as arising from a fixed probability distribution rather 

than one that has varied over time will result in potential distortions and therefore incorrect 

measurements. More concretely, the outcome of historical simulation is completely dependent 

on the historical sample, which causes a number of data related issues. 

Furthermore, as emphasised by Pritsker (2001) and Dowd (2002), in the historical simulation 

framework, equal weight of probability is given to each historical observation. This entails the 

supposition that observations are independently and identically distributed (i.i.d.) through 

time, which is unrealistic in relation to empirical findings about the behaviour of financial 

returns (Manganelli & Engle, 2001). Making such incorrect assumptions about the 

characteristics of financial markets may have severe consequences for the associated risk 

management (Jorion, 2007). It is, therefore, highly problematic to justify assigning an equal 

weight of probability to each historical observation in a sample. Altogether, the stated 

shortcomings of historical simulation may give rise to Value-at-Risk estimates that are 

insensitive to changes in risk; a significant problem in view of the current financial conditions 

(Pritsker, 2001). 

  

                                                 
5
 Also known as Pillar III reports. See section 2.2 for further explanation. 
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1.3 PURPOSE 

The purpose of this study is to examine and compare the performance of alternative 

approaches for estimating non-parametric Value-at-Risk. One way to counter the issues of the 

historical simulation framework is to incorporate a weighting methodology. This allows taking 

into account important factors such as age and current market conditions, in order to make 

each historical observation of a sample reflect its relative importance. Three weighting (or 

scaling) methodologies for historical simulation will be investigated in this paper: an 

exponentially decreasing time weighting approach proposed by Boudoukh, et al. (1998), a 

volatility updating method elaborated by Hull and White (1998), and lastly, a more general 

weighting approach suggested by Holton (1998), incorporating the specification of central 

moments, such as the skewness and kurtosis, of a return distribution.
6
 

The above Value-at-Risk methodologies will be contrasted and evaluated, in terms of 

accuracy and capital efficiency, against ordinary historical simulation with two performance 

measures: a standardised backtesting approach proposed by the Basel Committee 

(complemented by a test for unconditional coverage) and another measure known as capital 

utilisation ratio, proposed by Hull and White (1998). The empirical study will be computed 

on historical data from four types of financial instruments, according to a general 

classification of risk factors for market risk: equities, currencies, interest rates and 

commodities. The subsequent results will be analysed and discussed from a regulatory 

perspective with a focus on the implications for Swedish banks and financial institutions. 

With the above purpose in mind, three main research questions have been formulated, which 

are intended to be answered in the context of this study:  

 To what degree does weighting of observations improve the performance
7
 of the historical 

simulation model? 

 Which weighting technique for non-parametric Value-at-Risk, in terms of accuracy and 

capital efficiency, yields the most robust results? 

 In the regulatory setting, what Value-at-Risk model is more suitable for a bank’s internal 

market risk management? 

                                                 
6
 As can be seen, all weighting methodologies were conceptually elaborated as early as in 1998, along with much 

other Value-at-Risk theory in general (see References). Their utility in practice, however, has become further 

explicated by more recent financial developments, such as the 2007-08 crisis, wherein a number of connected 

issues in banks’ management of market risk were emphasised (Basel Committee on Banking Supervision, 2009). 
7
 Primarily the performance from a statistical point of view. 
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1.4 DELIMITATIONS 

A number of delimitations have been required in the implementation of this research paper. 

Firstly, this study will solely focus on Value-at-Risk and regulations in relation to market risk. 

Nevertheless, Value-at-Risk can be applied in other settings, such as when managing 

operational risk (Jang & Fu, 2008). Furthermore, the regulatory framework for other risk 

categories, e.g. credit risk, is equally elaborate
8
. In addition, only variations of Value-at-Risk 

measures will be considered. There are other risk measures as well, such as Expected 

Shortfall, which have different inherent qualities. Value-at-Risk is, however, the unit of 

analysis in this case, as it is the standard market risk measure in the regulatory environment. 

A further delimitation is that only non-parametric models will be under consideration. Most 

parametric approaches, such as the variance-covariance method, have a tendency to be more 

mathematically involved, as they entail distributional assumptions and therefore require a 

different analysis. More specifically, this study has been limited to investigating extensions of 

the historical simulation approach, as it is the most common non-parametric approach and 

therefore has practical relevance (Escanciano & Pei, 2012). 

1.5 CONTRIBUTION 

The findings of this study will appeal to both an academic and a practical perspective: on the 

one hand, they aim to provide clarity on the validity and adequacy of the Value-at-Risk 

models under study, but on the other, also benefit banks’ internal market risk management, 

both in terms of effective risk estimation and efficient capital utilisation. As such, the study 

intends to present results and conclusions concerning the most adequate choice of internal 

Value-at-Risk model; something which is relevant to the risk management within any bank or 

financial institution in general. 

Two of the weighting methodologies under investigation; those suggested by Boudoukh, et al. 

(1998) and Hull and White (1998), have been previously examined in isolation, for example 

by Žiković and Filer (2009) and Adcock, et al. (2011), respectively. However, as far as the 

author is aware, the method proposed by Holton (1998) has never been empirically evaluated 

or applied in a regulatory setting. Dowd
9
 (2002, p. 69), in his acknowledged and extensive 

publication on Value-at-Risk, refers to this as “perhaps the best and most general approach to 

                                                 
8
 See Basel Committee on Banking Supervision (2006). 

9
 K. Dowd is an economist and Emeritus Professor at The University of Nottingham Business School. 
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weighted historical simulation”, which makes it further relevant to examine. In this light, the 

contribution of this study is to provide an in depth analysis and comparison of the above 

specified Value-at-Risk methodologies. In addition, few previous studies have reviewed the 

impact of market risk banking regulations in Sweden, which adds a further dimension to the 

contribution of this paper. 

1.6 DISPOSITION 

The rest of the report is structured as follows: First, Chapter 2 describes the relevant 

regulatory framework of the Basel Accords and the current situation in Sweden. 

Subsequently, Chapter 3 presents the theoretical body, with a comprehensive presentation of 

Value-at-Risk and the specific models under study, complemented by important results from 

previous research. In sequence, Chapter 4 explains the chosen methodology, beginning with a 

complete description of the statistical evaluation methods and, then, a discussion on reliability 

and validity, followed by the limitations of the methodology. Next, Chapter 5 gives an 

assessment of the data used, complemented by necessary specifications and calculations. 

Thereafter, Chapter 6 presents and analyses, in line with the methodology, the empirical 

results connected to each Value-at-Risk model examined. Subsequently, Chapter 7 provides a 

discussion on the obtained results from a regulatory perspective, with a prime focus on the 

Swedish banks. Finally, Chapter 8 summarises the findings with general reflections and 

proposes further research. 
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2 REGULATORY FRAMEWORK 

In the following chapter, the necessary regulatory framework for the paper will be presented. 

First, there is a review of the current international regulatory standards under market risk, 

imposed by the Basel Committee. This is followed by an assessment of the situation among the 

Swedish banks and financial institutions, structured around a recent investigation by 

Finansinspektionen. 

2.1 THE BASEL ACCORDS 

When the first adaptation of the Basel Accords, named Basel I, was introduced in 1988 in 

agreement with the G10 (Group of Ten) central banks, the Basel Committee stated one of its 

fundamental objectives: 

“...the new framework should serve to strengthen the soundness and stability of 

the international banking system...” (Basel Committee on Banking Supervision, 

1988, p. 1) 

Since its introduction, the Committee has been required to successively update the regulatory 

framework, as a result of the financial markets in recent years having evolved rapidly and 

become more complex. Two additional sets of regulations have been added: Basel II which 

was published in 2004, and Basel III released in 2010 however beginning its implementation 

in 2013 (Basel Committee on Banking Supervision, 2013). 

The first Pillar, i.e. Pillar I, of the Basel Accords focuses on maintenance of regulatory capital 

for three main components of risk that a bank has to manage in order to handle and withstand 

unanticipated financial losses: credit risk, operational risk and market risk. For market risk
10

, 

which this study is limited to, the Basel Committee has suggested two alternative 

methodologies for measuring the associated risks. One option is to apply a standardised 

measurement approach constituted by an extensive framework of rules and criteria for every 

financial risk factor and how to assess its exposure in relation to the market. The other 

alternative, called the Internal Models Approach (IMA), instead rests on the use of a bank’s 

internal risk models. This methodology was instigated on request from the banks themselves, 

                                                 
10

 Market risk is commonly defined as the risk of loss-making value changes in assets and liabilities due to 

fluctuations in equity prices, foreign exchange rates, interest rates and commodity prices (Finansinspektionen, 

2012). 
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meaning that their own risk management models generated far more accurate estimates for 

market risk (Basel Committee on Banking Supervision, 1995). 

However, the application of IMA is conditioned on a number of general, qualitative and 

quantitative criteria concerning tolerable standards and practices. The framework also 

provides a specification on the appropriate classification of risk factors for market risk 

measurement, i.e. the market rates and prices that affect the value of a bank’s trading 

positions. These are separated into equity prices, exchange rates, interest rates and commodity 

prices. Within every category, there should be risk factors corresponding to each respective 

instrument or market in which the bank holds significant positions (Basel Committee on 

Banking Supervision, 2006). The above classification of market risk factors has made up the 

structure of the following empirical study. 

Under the quantitative standards in Basel II, the primary criterion is the computation and 

reporting of Value-at-Risk on a daily basis, using a 99
th

 percentile one-tailed confidence 

interval. Furthermore, the historical observation period or sample period used is constrained 

to a minimum length of one year, which represents approximately 250 banking days. Another 

criterion is that the banks must report a Value-at-Risk figure representing a ten-day time 

horizon, or holding period. However, it is permissible to estimate the value with a one-day 

holding period and then apply a scaling rule known as the square root of time. Therefore, it is 

sufficient to assess single day financial returns when backtesting a Value-at-Risk model, in 

accordance with the Basel Accords. (Basel Committee on Banking Supervision, 2006) 

In addition, the IMA quantitative standards express the following with reference to choice of 

Value-at-Risk model: 

“No particular type of model is prescribed. So long as each model used captures 

all the material risks run by the bank... banks will be free to use models based, for 

example, on variance-covariance matrices, historical simulations, or Monte Carlo 

simulations.”(Basel Committee on Banking Supervision, 2006, p. 196) 

In other words, the regulatory framework allows for model flexibility in banks’ internal 

Value-at-Risk estimation. In connection, a multiplication factor is introduced by the 

quantitative standards. This factor represents a scaling component with which the daily 
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estimated Value-at-Risk number
11

 is to be multiplied to meet the adequate capital 

requirement. The multiplication factor is subject to an absolute minimum of 3
12

 (Basel 

Committee on Banking Supervision, 2006). However, each bank’s individual multiplication 

factor is determined by national supervisory authorities (in Sweden, Finansinspektionen) on 

the basis of their assessment of the quality of the internal Value-at-Risk model. A penalty 

factor in a range from 0 to 1 may be added to the multiplication factor, depending on the 

performance of the risk model when backtested. Thus, banks have a built-in positive incentive 

to maintain the predictive quality of their Value-at-Risk models (Basel Committee on 

Banking Supervision, 2006). 

Regarding the implementation of weighting methodologies into the Value-at-Risk framework, 

the IMA directives emphasise specifically that: 

“…For banks that use a weighting scheme or other methods for the historical 

observation period, the “effective” observation period must be at least one year 

(that is, the weighted average time lag of the individual observations cannot be 

less than 6 months).”(Basel Committee on Banking Supervision, 2006, pp. 195-

196) 

However, after the financial crisis of 2007-08, the Basel Committee responded in 2009 by 

releasing an updated framework for Basel II (as a prelude to Basel III), highlighting a number 

of issues with the directives at that time. In this revision was suggested that the existing 

regulations for capital requirement did not accommodate for the true risks of the market 

effectively enough during the crisis. Under market risk, one significant response was the 

introduction of a stressed Value-at-Risk requirement, based on a historical period of stress 

experienced by a bank’s portfolio. (Basel Committee on Banking Supervision, 2009) 

In particular regarding weighting methodologies, further provision was added explaining that 

banks may use a weighting scheme not entirely consistent with the previous description, given 

that it results in a capital charge at least as conservative (Basel Committee on Banking 

Supervision, 2009). Thus, the Committee allowed a more flexible weighting framework for 

historical simulation, offering the banks an increased range of possibilities. 

                                                 
11

 An average of the daily Value-at-Risk measures on each of the preceding 60 business days. However, if the 

average scaled by the multiplication factor is exceeded by the previous day’s Value-at-Risk number, the capital 

requirement must be set as the latter. 
12

 Jorion (2007, p. 136) provides a mathematical derivation of this exact figure. 
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2.2 FINANSINSPEKTIONEN AND THE SWEDISH BANKS 

In Sweden, the guidelines of the Basel Committee are implemented into regulations through 

the national financial services authority, Finansinspektionen (FI). Consequently, FI prescribes 

the IMA standards of the Basel Accords under market risk management, described in the 

previous section. Financial institutions in Sweden that wish to use an internal Value-at-Risk 

model must submit a formal application comprising a recital of all the listed criteria. The 

process is continued by a site visit from FI, where the validity and soundness of the model is 

inspected. After the acceptance of an internal Value-at-Risk model, the associated bank is 

obliged to carry out backtesting daily, and report to FI if the model fails and what measures 

will be taken in response. (Finansinspektionen, 2004) 

In 2011, FI conducted a focused review of the internal market risk management of eleven 

Swedish financial institutions, with reference to the highlighted failure of HQ Bank in 2010 

that led to the revocation of the bank's permit. The main conclusion of their investigation was 

that the risk management pursued by a majority of the institutions in general exhibits inferior 

quality. Regarding internal Value-at-Risk models in particular, in certain cases FI found 

weaknesses in their analytical construction, potentially resulting in systematic 

underestimation of risk. Additionally, in many instances the models incorporated significant 

simplifications and were, as a result, generally not as robust as they might appear. 

Nevertheless, a number of assumptions and simplifications are inevitable, which is why FI 

stresses to ensure that these are not critical to a point where the Value-at-Risk model does not 

provide a realistic loss figure. Consequently, emphasised by FI, the more important the 

simplifications are in a model, the greater the need for complementary measures of risk that 

can compensate for these simplifications. (Finansinspektionen, 2012) 

Specifically about the application of historical simulation as Value-at-Risk model, FI are of 

the impression that this method is establishing itself as a "best practice" among Swedish 

financial actors. However, they distinctly articulate the potential dangers when implementing 

historical simulation, including that the performance of the model is highly dependent on it 

being based on a representative historical time period. Indeed, the investigation confirmed 

that the internal models, specifically historical simulation, of the reviewed banks and 

institutions were highly sensitive with respect to the selected data samples. For instance, the 

estimated Value-at-Risk figure of one institution doubled in size, depending on the inclusion 

or exclusion of the financial crisis of 2007-08 in the data. Furthermore, FI observed that the 
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majority of banks with approved internal models, in compliance with the Basel framework, 

employ the minimum sample length of 250 banking days. This is, according to FI, likely 

explained by the prospective capital requirement penalty of the regulatory backtesting 

approach, where the probability of being penalised increases with longer history of data. 

However, FI emphasise that an ideal length of time period is one that is representative for 

market movements in general, where both stable and volatile periods are included. Therefore, 

they conclude that one can assume that the shorter the time period is, the less likely it is to be 

truly representative. (Finansinspektionen, 2012) 

Three of the major Swedish banks included in the investigation; Handelsbanken, Nordea and 

SEB, all employ the IMA standards in their internal market risk management. Consequently, 

they are required to give account for their respective choice of Value-at-Risk model and its 

underlying logic in their annually released Pillar III reports. For clarification, the third Pillar 

of the Basel Accords concerns market discipline, and works as a complement to the minimum 

capital requirements, i.e. Pillar I, and the supervisory review process, or Pillar II. It 

encompasses a set of disclosure requirements which will allow market participants to assess 

key pieces of information on the scope of application, capital, risk exposures, risk assessment 

processes, and hence the capital adequacy of an institution (Basel Committee on Banking 

Supervision, 2006). 

In the publications, all the banks state that their internal Value-at-Risk methods are based on 

historical simulation, however the elaborateness of the model descriptions vary. 

Handelsbanken recite the application of a one-day holding period, using the past year’s daily 

changes in interest rates, prices and volatilities in their Value-at-Risk calculations 

(Handelsbanken, 2011). Nordea, on the other hand, revaluate their current portfolio using the 

daily changes in market prices and parameters observed during the last 500 trading days, thus 

generating a distribution of 499 returns based on empirical data. They state that the choice of 

500 days of historical data has been made with the aim to strike a balance between the 

advantages and disadvantages of using longer or shorter time series in the calculation of 

Value-at-Risk. From this distribution, the Expected Shortfall method is used to calculate a 

Value-at-Risk figure, meaning that the number is based on the average of the worst outcomes 

from the distribution. The estimated one-day figure is subsequently scaled to a ten-day figure 

(Nordea, 2013). Lastly, SEB briefly mention that they had a new historical simulation based 

Value-at-Risk model regulatory approved in 2011, which is applied uniformly for all trading 

books and covers a wide range of risk factors (SEB, 2012). 
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3 THEORETICAL FRAMEWORK 

The ensuing chapter will present and clarify the theoretical framework for the remaining 

study. First, there is a theoretical section about Value-at-Risk and its properties. 

Subsequently, the attributes of non-parametric Value-at-Risk models under consideration are 

presented and explained in detail. Finally, in order to put this study into context, the chapter 

is concluded by a section with important results from previous research and literature. 

3.1 VALUE-AT-RISK 

3.1.1 BACKGROUND AND DEFINITION 

The roots of Value-at-Risk can be traced back as far as to the early 1920’s, at that time used 

as a capital requirement for member firms at the New York Stock Exchange. Early 

adaptations were also applied in the emerging portfolio theory framework back in 1950’s 

(Holton, 2002). However, it was not until 1995 that Value-at-Risk was proposed as standard 

measure by the Basel Committee in their regulatory amendments regarding treatment of 

market risk (Basel Committee on Banking Supervision, 1995).  

Value-at-Risk is a “statistical risk measure of potential losses” (Jorion, 2007, p. 15). Its 

mathematical definition, for confidence level  , is: 

                                             ( 3.1 ) 

where real number (symbolised by  )   represents the smallest number, by applying the 

infimum operator, such that the probability that loss   (of a portfolio) exceeds   is at most 

   .  

In mathematical terms the above corresponds to the  -quantile of the projected distribution of 

profits and losses over a certain time horizon. A more straightforward interpretation is “the 

amount of money such that there is a [e.g.] 95% probability that the current portfolio will lose 

less than that amount of money over the next day” (Holton, 1998, p. 11). Thus, one can 

measure the riskiness of an instrument or full portfolio in a single number, either in the form 

of a monetary value or a percentage. 

3.1.2 PROPERTIES 

Key reasons for the attractiveness of Value-at-Risk as a risk measure are its simplicity and 

that it is conceptually easy to understand. It is highly suitable for reporting and summarising 
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in informative and regulatory purposes, e.g. in the banks’ Pillar III reports, as it expresses the 

aggregate of all the risks in a portfolio in the form of a distinct figure. Similarly, it can be used 

efficiently by the executives of a bank to set their overall risk target, as a reference point to 

their current risk position. (Dowd, 2002) 

Furthermore, Value-at-Risk has two important characteristics: Firstly, it offers a joint and 

consistent measure of risk across different types of risk factors and financial instruments. 

Thus, it allows us to contrast the underlying risk of two different positions, e.g. an equity 

position and a currency position. Secondly, Value-at-Risk can take into account the 

correlation between different risk factors, making it sensitive to offsetting and coinciding 

risks. (Alexander, 2001) 

Nevertheless, Value-at-Risk has also received substantial criticism. To begin with, as 

previously suggested, different Value-at-Risk methodologies can produce deviating results, 

revealing that there is an inconsistency of estimation. The most critical issue in this aspect is 

that the actual risk might be seriously underestimated, resulting in considerable financial 

losses. Also, Value-at-Risk has been regarded somewhat conceptually flawed; reducing a 

number of complex factors into a single value results in a simplified and consequently less 

comprehensive exhibition of risk. Furthermore, there is general concern about the effects of 

prevalent use of Value-at-Risk in the finance industry – a significant one being systematic 

risk. The latter is typically a contributing factor in a financial crisis, where many market 

actors simultaneously liquidate positions. (Holton, 2002) 

In addition, Value-at-Risk has been criticised from a more theoretical aspect, due to its lack of 

subadditivity. The subadditivity property, for risk measure   and all loss variables    and   , 

is defined as: 

                      ( 3.2 ) 

The absence of the above property implies that Value-at-Risk do not meet one of the criteria 

for a coherent risk measure
13

. In more concrete terms, Value-at-Risk does not account for the 

magnitude of losses in the tail distribution beyond the  -quantile, which is a significant 

limitation. The coherent risk measure Expected Shortfall was introduced in response to this 

issue. (Artzner, et al., 1999; Jorion, 2007) 

                                                 
13

 A coherent risk measure must satisfy three further mathematical conditions: homogeneity, monotonicity and 

translation invariance. 
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In summary, Value-at-Risk has inherent strengths and weaknesses both from a practical and 

theoretical point of view. It is nevertheless a commonly used measure of risk and it is, 

therefore, important to exercise caution in its application. 

3.2 METHODS FOR VALUE-AT-RISK ESTIMATION 

3.2.1 INTRODUCTION TO MODELS 

Although Value-at-Risk is a simple and straightforward concept in theory, the task to achieve 

a correct estimate is far more complex (Ammann & Reich, 2001). There are numerous 

methodologies with both favourable and unfavourable attributes, and therefore they vary in 

prevalence. Most Value-at-Risk methodologies pertain to two broad categories of models: 

parametric and non-parametric. Both model categories, however, typically entail a trade-off 

between precision and the time required in their implementation (Adcock, et al., 2011). 

Parametric models, like the variance-covariance method, are based on statistical parameters 

such as the mean and the variance of the distribution of risk factors. In the variance-

covariance framework, the values of the positions in a portfolio are assumed to follow a 

normal distribution; an assumption that is known to be disputed due to the leptokurtic
14

 

characteristics of returns (Ammann & Reich, 2001). However, the main advantage of the 

variance-covariance method and parametric models in general is that, given that the 

parametric assumptions are correct, they allow a complete characterisation of the distribution 

of returns (Manganelli & Engle, 2001). In contrast, non-parametric models, such as historical 

simulation and Monte Carlo simulation
15

, draws on historical or simulated scenarios and, 

therefore, directly relates to the distribution of profits and losses of a portfolio.  

3.2.2 HISTORICAL SIMULATION 

The most cost-effective and least time-consuming non-parametric methodology, historical 

simulation (HS), is a histogram-based approach, where Value-at-Risk is estimated as the  :th 

worst loss in a sample of historical data. For instance, with a sample of 100 observations and 

desired Value-at-Risk on a 95% confidence level, the estimated value would represent the 

sixth worst historical loss, as illustrated in Figure 3.1: 

                                                 
14

 A distribution with a higher peak around the mean and fatter tails than e.g. a normal distribution. 
15

 Monte Carlo simulation tests the value of a portfolio under a large sample of randomly chosen combinations 

of price scenarios, whose probabilities are based on historical experience. This method, however, is less widely 

used in the regulatory context (Basel Committee on Banking Supervision, 1995). 
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FIGURE 3.1: Histogram of historical simulation. 

The plot shows a historical simulation histogram with a sample of 100 observations. Losses are located on the 

positive side (+), and profits on the negative side (-) of the horizontal axis. The dotted line represents the Value-

at-Risk threshold at 95% confidence level, i.e. the sixth worst loss. 

In general, the   percent Value-at-Risk in historical simulation is obtained by an empirical 

approximation of the  -quantile. From a historical sample of size   with order statistics of 

positive losses                 , Value-at-Risk is given by considering: 

          
                    ( 3.3 ) 

where       is the distribution function of   and brackets     is the floor operator, representing 

the nearest integer from below. 

In the implementation of historical simulation, two preceding actions are required. Firstly, 

identifying the financial instruments in the portfolio and acquire the associated historical data 

for a determined period of time, e.g. a minimum of 250 days, in compliance with the 

regulatory framework. Thereafter, the current portfolio weights are applied on the historical 

observations to obtain the simulated returns (Sinha & Chamú, 2000). 
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The historical simulation approach has a few important properties. Main advantages of the 

model are that it is highly intuitive, simple to report, and straightforward to employ in many 

contexts. Furthermore, it uses already available data, e.g. from public sources or internal 

databases (Dowd, 2002). In addition, historical simulation can without difficulty take care of 

non-linearity in the data set for such as options and other derivatives positions, which is also 

set as a criterion in the Basel Accords (Basel Committee on Banking Supervision, 2006; Dutta 

& Bhattacharya, 2008). A highly favourable aspect of historical simulation in relation to 

parametric models, as already discussed in brief, is that it does not assume a specific 

distribution shape for the financial returns, and can therefore accommodate various types of 

distributions with e.g. fat tails, rather than being restricted only to normality. Moreover, it 

does not require the variance and covariance of component returns to be estimated 

(Changchien, et al., 2012). 

Nevertheless, the historical simulation method entails a number of unattractive aspects. In 

addition to the previously discussed limitations (see section 1.2), there is a so called roll-off 

effect in the model.  When using a fixed window of historical data, e.g. the most recent 250 

banking days, there tend be periodic sharp drops in the estimated Value-at-Risk, as a result of 

a historical scenario with extreme portfolio impairment dropping out of the window (Holton, 

1998). In connection, the equal weighting structure
16

 of historical simulation implies that an 

observation leaving the data window changes from having an equal weight of probability to 

being completely disregarded in between two days, which is difficult to justify. The weighting 

structure can also make the Value-at-Risk estimate unresponsive to significant incidents, such 

as a market crash. Furthermore, historical simulation is limited by the largest loss in the 

historical data set, meaning that it cannot predict a potentially greater loss in the future 

(Dowd, 2002). 

The historical simulation framework can, however, be modified to allow for weighting with 

reference to age, volatility or even more features of the current market conditions, to 

counteract many of its inherent weaknesses. Subsequently, the three weighting methodologies 

under investigation will be presented. 

3.2.3 TIME WEIGHTING 

Boudoukh, Richardson and Whitelaw (1998) propose a “hybrid approach”, commonly 

abbreviated as the BRW method, which combines historical simulation and an exponential 

                                                 
16

 For a sample of size  , each observation is assigned probability weight    . 
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smoothing methodology for the associated probability weights. In this way, a more general 

non-parametric approach is acquired, which intends to be more responsive to recent events. 

The estimation procedure is similar to the one for historical simulation, as described in the 

previous section. However, while the historical simulation approach attributes equal weights 

to each observation when generating the conditional empirical distribution, the BRW method 

assigns exponentially declining weights to the historical returns. Therefore, whereas a 99% 

Value-at-Risk in a sample of 250 days for historical simulation represents identifying the third 

greatest loss, the BRW method may involve both more or less observations, depending on the 

time of occurrence of the extreme losses in the historical sample. 

The weighting procedure is implemented in the following way: One begins by denoting    the 

realised return between times     and  . To each of the most recent         historical 

returns       , a weight    is assigned by the following expression: 

   
   

    
     ( 3.4 ) 

where by definition      . 

Next, the returns are sorted in ascending order, beginning with the largest loss (just as for 

historical simulation). To obtain the   percent Value-at-Risk, one starts from the largest loss 

and accumulates weights    until   percent is attained
17

. Regarding the decay factor     

 , the authors apply a number between 0.97 and 0.99, representing a relatively slow decay of 

weights. Note that for     the BRW method coincides with historical simulation. 

3.2.4 VOLATILITY UPDATING 

Hull and White
18

 (1998) develop a modified version of historical simulation, often referred to 

as FHS (filtered historical simulation), which incorporates another model building approach. 

More specifically, the authors combine historical simulation with a volatility updating 

framework, thus refining the model by taking into account changes in volatility during the 

historical sample period. The underlying logic is that the probability distribution of a market 

variable, when scaled by its estimated volatility, is considered approximately stationary. For 

instance, if the current volatility of a certain risk factor is e.g. 2% per day, whereas a month 

                                                 
17

 To achieve exactly   percent, linear interpolation is applied between two adjacent observations. 
18

 Barone-Adesi & Giannopoulos (1999) suggest a similar weighting methodology, but the theoretical 

framework for FHS in this thesis only refers to that proposed by Hull and White (1998). 
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ago it was only 1%, the older observation understates the expected market movements of 

today (and the reversed for the opposite relationship). The FHS method can generate returns 

of greater magnitude than those in the historical sample, making it less data dependent. 

The scaling procedure is done by defining    as the return of a financial instrument between 

times     and  . Today is denoted day  , where    . Furthermore,   
  is defined as the 

historical EWMA
19

 (exponentially weighted moving average) estimate of the variance for 

day  , made at time    , updated by the following recursive equation: 

  
       

           
  ( 3.5 ) 

The decay factor       determines the relative weights that are applied to the 

observations and the effective amount of data used in estimating the volatility, and is 

generally set to 0.94
20

. The EWMA variance, in contrast to the simple moving average 

variance, reacts faster to shocks in the market as recent observations are assigned more weight 

than those further back in the history (J.P. Morgan & Reuters, 1996). With today’s volatility 

  , estimated at time    , a modified return   
  is defined through: 

  
  

  
  
   ( 3.6 ) 

where the probability distribution of       is assumed to be approximately stationary. 

Once the returns    in the historical sample have been replaced by   
  for all  , the   percent 

Value-at-Risk is estimated by the same procedure as in historical simulation: first sorting the 

observations from the largest to the smallest (volatility updated) loss, and subsequently 

examining the  :th order statistic. 

3.2.5 HOLTON’S METHOD 

Similarly to the two described weighting methodologies, the model proposed by Holton 

(1998), abbreviated as HM in following chapters, incorporates weights to reflect current 

market conditions. However, the weighting strategy goes one step further, by incorporating 

estimates of all central moments, including skewness and kurtosis (and even higher moments, 

if desired) in the historical simulation framework. Thus, the weights are adjusted according to 

                                                 
19

 The EWMA framework was first applied in J.P. Morgan’s RiskMetrics forecast model for variances and 

covariances (J.P. Morgan & Reuters, 1996). 
20

        is derived as the optimal decay factor for daily data in RiskMetrics (J.P. Morgan & Reuters, 1996). 
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several of the distributional properties of the returns, resulting in a more comprehensive 

characterisation of the associated risk factors. So for instance, if the standard deviation (and 

similar for mean, skewness, kurtosis etc.) of a historical data sample of a single risk factor is 

10, whereas current measurements indicate that it is 5, weights are allocated in order to 

transform the standard deviation of the entire sample such that it reflects the latest estimate. 

For further clarification, skewness is a measure that characterises the degree of asymmetry of 

a distribution around its mean. Positive skewness signifies a distribution with an asymmetric 

tail extending towards more positive values, while negative skewness refers to a distribution 

with an asymmetric tail towards more negative values. The skewness of a normal distribution 

is consequently 0. Kurtosis, on the other hand, characterises the relative peakedness or 

flatness of a distribution in comparison to the normal distribution, which has kurtosis 3. As a 

reference point, kurtosis is commonly replaced by the measure called excess kurtosis, 

representing the actual kurtosis of a distribution subtracted by 3. Therefore, positive excess 

kurtosis signifies a relatively peaked distribution, and negative excess kurtosis a relatively flat 

distribution (eVestment, 2013). An illustration is provided in Figure 3.2: 

 
FIGURE 3.2: Normal distribution in contrast to skewness and kurtosis. 

The plot illustrates the absence of negative/positive skewness and excess kurtosis in the normal distribution. 
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The weighting approach of Holton (1998) is based on a linear programming routine that will 

produce a reasonable set of weights, provided that there is an adequate quantity of data in the 

historical sample. The methodology starts by collecting the associated data for each risk factor 

        of a portfolio. Subsequently, for all risk factors the current market conditions are 

estimated, which is an important step, since the modelled parameters – the mean   , 

volatility   , skewness   , kurtosis    as well as           correlations      – have to 

reflect the true market variables sufficiently well. For instance, one might assume that the 

modelled parameters of the related risk factor equal the estimates based on the 100 most 

recent daily observations, or on data from the last five years, depending on one’s beliefs. For 

        unknown weights   , return scenarios      and known estimates                  

for each risk factor        , a linear optimisation problem is set up. The target function is 

defined to minimise the sum of standard errors of the weights, assuming that the expected 

value of each weight equals    : 

   
  

     
 

 
 
  

   

 ( 3.7 ) 

To achieve its purpose, the subsequent constraints must be satisfied in the optimisation: 

       

 

   

    
( 3.8 ) 
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The above conditions ensure that the weighted mean, volatility, skewness and kurtosis of all 

the historical scenarios equal the modelled parameters, given that the non-uniform set of 

weights is feasible. The methodology can be applied both to a single asset or a full portfolio, 

by the exclusion or inclusion of the correlation constraints, i.e. equation ( 3.12 ). By excluding 

equation ( 3.14 ), the optimisation problem reduces into a system of equations that will be 

solvable so long as there are more scenarios (and hence weights) than there are modelled 

parameters. However, with condition ( 3.14 ), the resulting linear programming problem may 

or may not be easy to solve. Like in any optimisation problem, there may not be a feasible 

solution at all. There is a possibility that market behaviour might suddenly and fundamentally 

shift, causing an incompatibility between the modelled parameters and the available historical 

scenarios. (Holton, 1998) 

However, once the weights have been specified, the current portfolio weights are applied to 

generate the returns of the whole portfolio. Subsequently, the same algorithm as in the BRW 

method is applied to estimate the   percent Value-at-Risk: transforming the return sample 

into order statistics, beginning with the greatest loss and accumulating weights    until   

percent is attained. 

3.3 PREVIOUS RESEARCH 

The existing literature and research about various Value-at-Risk models and their respective 

capability is substantial, and a number of authors have conducted empirical studies with 

findings that can be connected to this particular study. Rather than following an entirely 

chronological order, the literature presented in this section has been structured primarily 

around the investigated non-parametric Value-at-Risk methodologies, to improve the 

transparency. Nonetheless, there are numerous publications that examine and compare the 

performance of other sets and types of Value-at-Risk models, and several of these incorporate 

a regulatory perspective. Hence, a few such studies will be discussed before. 

At the outset, Jackson, et al. (1998) contrast the empirical performance of parametric and non-

parametric Value-at-Risk techniques in relation to the earlier regulations of the Basel 

Committee, with results suggesting that the latter yield more precise measures of tail 

probabilities than the former, due to the non-normality of financial returns. Similarly to the 

investigation by Finansinspektionen (2012), Berkowitz and O’Brien (2001) evaluate the 

accuracy of the Value-at-Risk forecast samples from six large banking institutions, and found 

that these did not outperform the alternative forecasts based on a simple ARMA 
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(autoregressive moving average) plus GARCH (generalised autoregressive conditional 

heteroskedasticity) model
21

. A different comparison, between the variance-covariance 

method, historical simulation and an extreme value theory (EVT) methodology, using a 

portfolio of fixed income securities, was conducted by Darbha (2001), who establishes that 

the latter provides the most accurate Value-at-Risk estimates. Similar comparative studies 

were performed by Aussenegg and Miazhynskaia (2006) and Kueser, et al. (2006); however 

both employ other types of financial data as well as include GARCH-based models in their 

analyses, with empirical findings in favour of the latter. In addition, Kalyvas and Sfetsos 

(2007) found that historical simulation produces significantly less conservative Value-at-Risk 

estimates than an EVT-based model tested, although this, according to the authors, is not 

necessarily more beneficial with reference to the aforementioned regulatory multiplication 

factor. 

More recently, McAleer, et al. (2009) examined the selection from a variety of simulation-

based Value-at-Risk approaches, including GARCH, with a focus on Basel II and the recent 

financial crisis. Here, the authors propose that choosing a combination of the models, based 

both on more conservative and more aggressive risk management, is the most advantageous 

strategy. A more comprehensive study carried out by Jadhav and Ramanathan (2009) 

examines the performance between several parametric and non-parametric Value-at-Risk 

models, including a Gaussian approach, an EVT method, a kernel-based approach, as well as 

historical simulation. The results presented indicate superior performance from a new 

suggested non-parametric measure and from EVT, however the authors recommend the first 

method due to its relative simplicity. Similarly, Şener, et al. (2010) evaluate twelve different 

Value-at-Risk methods on data from both emerging and developed markets. By implementing 

a range of predictive ability tests, the authors argue that the performance of the investigated 

methods does not depend entirely on whether they are parametric, non-parametric etc.; but 

rather if they can effectively model the asymmetry of the underlying data. Furthermore, in a 

study by Brandolini and Colucci (2011), historical simulation was outperformed by a Monte 

Carlo filtered bootstrap approach tested, especially in terms of the ability to quickly adjust its 

Value-at-Risk estimates. Finally, Chen (2013) highlights the problematic trade-off for 

regulators and bankers in the choice between Expected Shortfall and Value-at-Risk as risk 

measure; between coherence and elicitability, i.e. theoretically sound consolidation of diverse 

risks versus reliable backtesting of risk forecasts against historical observations. 

                                                 
21

 ARMA and GARCH models are commonly employed in modelling financial time series. 
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In summary, various Value-at-Risk models, including historical simulation, appear to perform 

differently well depending on the scope of the study, its underlying data, and evaluation 

perspectives. Nevertheless, the sheer amount of related research suggests that one may yet 

consider which model is more capable in practice. 

There exists, as mentioned above, literature more directly related to the specific weighting 

methodologies under examination. In terms of the time weighting approach, BRW, the 

empirical results in the study of Boudoukh, et al. (1998) indicate significant improvement in 

statistical performance with the proposed model over the historical simulation method, 

especially for fat-tailed data series. This result is reinforced by Sinha and Chamú (2000), who 

deduce that the BRW method, with low analytical and computational resources, yields more 

precise Value-at-Risk estimates. However, Pritsker (2001) infers that the BRW model in 

general is too conservative and slow to respond to changes in risk, while highlighting a few 

issues in the interpretation of the results of Boudoukh, et al. (1998). Žiković and Filer (2009) 

conversely found that the BRW method, in particular for decay factor       , is generally 

superior to most parametric models, when backtested on a set financial data from developed 

and emerging markets. In addition, Žiković and Aktan (2009) conducted a study aiming to 

determine the optimal decay factor for BRW, depending on the underlying data time series. 

From their empirical results they conclude that the performance of the model, to a large 

extent, depends on the choice of decay factor, but also that BRW is generally more accurate 

than several other Value-at-Risk models, including ordinary historical simulation. 

On the topic of the volatility updating method, FHS, Hull and White (1998) suggest that their 

proposed approach is more direct than the BRW method for estimating Value-at-Risk, and 

present results for historical currencies data inferring that their model performs better than 

ordinary historical simulation. However, the authors’ corresponding results for stock index 

data were mixed. Nataraj, et al. (2010) noticed an improvement in the Value-at-Risk figures 

of FHS compared to those of historical simulation for higher confidence levels, and point out 

that an important difference between the models is the asymmetric responsiveness of 

historical simulation; something that FHS by nature counteracts. Similarly, the empirical 

results of Adcock, et al. (2011) exhibit FHS as an accurate method for forecasting Value-at-

Risk in the presence of non-normal returns, since it, according to the authors, can be applied 

to historical data that show time-varying skewness and asymmetric effects to return shocks on 

volatility. Louzis, et al. (2011) also prove the FHS method to be a powerful Value-at-Risk 
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quantile estimator, although they noted a weakness of the model in terms of statistical 

accuracy for highly volatile time periods. Finally, Sharma (2012) develops a conservative 

combination of historical simulation and FHS in relation to the added paragraph regarding 

weighting schemes in the Basel II amendment of 2009. The author found that the suggested 

method resulted in enhanced performance in the regulatory backtesting, and thus a lower 

penalty for capital requirement. 

At length, the weighting methodology suggested by Holton (1998), HM, is as previously 

mentioned relatively unexplored to date. As one of the few references, Dowd (2002) 

articulates that this alternative weighting approach is both conceptually simple and easy to 

program in relation to its high degree of flexibility and extreme capacity for generalisation. 

Furthermore, the author mentions that the method has the additional attraction that it can be 

used in simulation techniques other than historical simulation, such as Monte Carlo. There is, 

however, no empirical evidence presented on the performance of HM in general, nor in 

relation to the other weighting methodologies. As such, with the literature covered in this 

section in mind, there is a gap of knowledge with reference to the relative capacity of the 

Value-at-Risk models under consideration, in particular in the regulatory context, which is 

meant to be disclosed with this study.   
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4 METHODOLOGY 

The following chapter will present the methodology that has been implemented in order to 

investigate the research questions of this study. First, the statistical evaluation methods, 

including backtesting, are presented and explained in detail. This is followed by a discussion 

about the reliability and validity of the research conducted. Finally, there is an analysis of the 

limitations of the chosen methodology, with suggestions on alternative approaches. 

4.1 STATISTICAL EVALUATION METHODS 

4.1.1 INTRODUCTION TO BACKTESTING 

The purpose of Value-at-Risk models is to make an accurate prediction of future (market) 

risk. If a model falls short, the estimates it produces lose value. Therefore, the process of 

investigating whether a model is adequate, that is model validation, is highly important in this 

context. The procedure known as backtesting is universally applied for this purpose for 

financial models. Backtesting is a formal statistical framework that is based on the systematic 

verification of actual losses in relation to projected losses, represented by the historical returns 

of a portfolio and the associated Value-at-Risk forecasts (Jorion, 2007). As previously 

mentioned, backtesting is central in the regulatory environment, which further indicates its 

significance in the validation of risk models. 

In a perfectly calibrated model the number of observations that exceed the corresponding 

estimates of Value-at-Risk, referred to as the number of exceptions or violations
22

, should 

match the chosen confidence level. Too many exceptions represent a model that 

underestimates risk, meaning that the capital held to offset the risk in a portfolio is 

insufficient. Conversely, too few violations may indicate an inefficient capital allocation. 

However, an excess of violations may also be due to bad luck rather than because of the 

backtested model itself. The issue is how to determine if this is the case or not, i.e. whether to 

accept or reject a model. 

The backtesting procedure, known as the unconditional coverage, is structured around a null 

hypothesis    that is tested to be either accepted or rejected, in favour of the alternative 

hypothesis   . For a given confidence level  , say 95% (not to be confused with the Value-at-

Risk confidence level  ), the probability that    is true is estimated. If this probability 

                                                 
22

 In other words, an exception/violation occurs when a particular historical observation exceeds the Value-at-

Risk estimate at that same day. 
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exceeds the chosen significance level (one minus the confidence level),    is accepted. If not, 

   is accepted. In the decision of confidence level there is a trade-off between Type I and 

Type II errors: to reject a model that is correct, or to accept a model which is incorrect, 

respectively. The higher the confidence level, the less likely we are to make a Type I error, 

but also the more likely to commit a Type II error. 

4.1.2 BASEL THREE-ZONE APPROACH AND 

UNCONDITIONAL COVERAGE TEST 

The backtesting approach of the IMA framework in the Basel Accords is adopted by many 

banks, and is therefore a regular benchmark for the accuracy of internal Value-at-Risk models 

(Basel Committee on Banking Supervision, 2006). This method was consequently chosen in 

order to evaluate and contrast the performance, in terms of accuracy, of the non-parametric 

Value-at-Risk models under study in this thesis. 

The backtesting procedure compares whether the observed percentage of the 250 most recent 

outcomes (approximately twelve months) covered by the risk measure is consistent with a 

99% confidence level (Basel Committee on Banking Supervision, 2006). Therefore, on 

average one should expect 1% out of 250, in other words 2.5 exceptions over the last 12 

months in a bank’s trading portfolio
23

. The regulatory backtesting divides the observed 

number of exceptions of a Value-at-Risk model into three different zones; a green, yellow and 

red, delineated to balance the chance of Type I and Type II errors (Basel Committee on 

Banking Supervision, 2006). It is assumed that the probability of a violation to occur is 

binomially distributed, given its distribution function:   

          
 
 
            ( 4.1 ) 

where   is the total number of days,       with   as the Value-at-Risk confidence level, 

and   represents the  number of exceptions for which the probability is calculated. 

The three zones have been set in accordance with the cumulative probability for each number 

of exceptions. Moreover, as previously discussed in brief, every additional violation may 

result in a penalty between 0 to 1 added to the regulatory multiplication factor for market risk 

capital requirement, as illustrated in Table 4.1: 

                                                 
23

 The portfolio must incorporate all market risk factors that affect the value of a bank’s trading positions, as 

described in section 2.1. 
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TABLE 4.1: The capital penalty structure of the Basel three-zone approach. 

The table illustrates the specific penalty factor associated with a certain number of model violations during the 

250 most recent banking days. On the left, the violations are also grouped into the green, yellow or red zone. 

BASEL THREE-ZONE STRUCTURE 

Zone Violations Penalty 

Green 

1 0.00 

2 0.00 

3 0.00 

4 0.00 

Yellow 

5 0.40 

6 0.50 

7 0.60 

8 0.75 

9 0.85 

Red ≥10 1.00 

Therefore, a model backtested in the green zone is considered accurate, as the risk of Type II 

error is low. A model in the yellow zone may be either accurate or inaccurate, with the chance 

of the latter increasing for every additional violation. Finally, an outcome in the red zone is a 

strong indication of an inaccurate model with inherent problems, since the risk of Type I error 

is low. (Basel Committee on Banking Supervision, 2006) 

An apparent drawback of the regulatory backtesting framework, however, is that it only 

penalises a model with a low coverage. In other words, a model that consistently 

overestimates Value-at-Risk will always pass the regulatory test, even though it is not 

accurate. Therefore, to increase the validity of the backtesting results of this thesis, a general 

test for unconditional coverage has been implemented as a complement. The hypothesis test 

will reject both Value-at-Risk models with high and low coverage, and is thus more balanced 

from a bank’s perspective. 

The widely used
24

 test for unconditional coverage proposed by Kupiec (1995) is based on the 

null hypothesis that the actual failure rate, defined as    , is equal to  , the theoretical failure 

rate suggested by Value-at-Risk confidence level  : 

     
 

 
 ( 4.2 ) 

                                                 
24

 The test proposed by Kupiec (1995) is applied in similar settings by several authors, including Jadhav & 

Ramanathan (2009), Žiković & Filer (2009) and Sharma (2012). 
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Kupiec (1995) suggests that the test for unconditional coverage is best conducted as a 

likelihood-ratio (LR), where the test statistic takes the following form: 

          
          

    
 
   

   

 
 
  

   ( 4.3 ) 

     is asymptotically distributed       under the null hypothesis, i.e. the assumption that   

is equal to the actual failure rate (Jorion, 2007). Therefore, if the value of      exceeds the 

critical value   of the    distribution at a test confidence level  , the null hypothesis is 

rejected and the model is, hence, considered inaccurate. Regarding the choice of  , Dowd 

(2002) suggests that a confidence level of 95% implies that a model is rejected only if the 

evidence against it is reasonably strong. As such, that level is applied in the backtesting with 

unconditional coverage in this thesis. 

4.1.3 CAPITAL UTILISATION RATIO 

The backtesting methods for unconditional coverage are highly focused on detecting whether 

the number of severe losses is in line with the set Value-at-Risk confidence level. There is no 

account to how well the magnitude of the losses is covered. Therefore, an evaluation method 

for measuring the efficiency of a model, in terms of capital utilisation, has been implemented 

in this study. Hull and White (1998) argue that a good alternative method is one that, for a 

given average investment of capital, maximises the protection against losses. To compare the 

performance of a certain weighting methodology in relation to regular historical simulation, 

the authors define the following four measures: 

   Average capital required under regular historical simulation. 

      Average capital required under an alternative weighting scheme. 

    Capital required on day   under the alternative scheme. 

      Losses incurred on the   days following day   under alternative scheme. 

The ratio          represents the proportion of the capital required to cover the losses (if any) 

during the   days following day   under the alternative scheme. The extreme values of this 

expression measure the chances of financial difficulties being experienced when the 

alternative scheme is used. However, it does not take account of the average amount of capital 

used by the alternative scheme. The authors therefore propose the following measure to be 

used for choosing between methodologies: 
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 ( 4.4 ) 

The above expression is referred to as the capital utilisation ratio. It represents the proportion 

of capital that would be required on day   to cover losses in the subsequent   days under the 

alternative weighting scheme if a constant multiplier is applied to the capital each day, such 

that it is the same on average as the capital used under regular historical simulation. The 

extreme values of the capital utilisation ratio provide a measure of capital adequacy; a lower 

value indicating a more adequate model. For this, Hull and White (1998) estimate the  :th 

percentile of the probability distribution of the capital utilisation ratio of each Value-at-Risk 

methodology. In the empirical study of this thesis, percentiles        and        and 

days     and      are applied, in line with the suggestion of the authors. 

4.2 RELIABILITY AND VALIDITY 

Reliability is essential in assessing the credibility of results, in particular for quantitative 

research. It concerns the absence of differences in the attempt to replicate results of a 

previous study. In other words, the reliability of research findings is high if the same result is 

attained if the research is repeated (Collis & Hussey, 2009). The reliability of the chosen 

methodology has been reviewed from a few perspectives. Firstly, there is little or no 

randomness involved in the calculations and estimations carried out and, thus, the outcomes 

of a replicating study should be virtually identical. Furthermore, as presented in the upcoming 

section, all the financial data employed in this thesis is available to the general public from 

various sources, meaning that the results are reproducible and therefore reliable in that aspect. 

In addition, multiple sources and types of data have been used. This reinforces the reliability 

as it generally implies less uncertainty in the results, and is one of several ways for so called 

triangulation (Collis & Hussey, 2009). 

Validity is as influential for the credibility of research findings. As opposed to reliability, it 

refers to the extent to which any obtained results accurately reflect the actual phenomena 

under study. Therefore, a test or method can be considered valid if it measures what the 

researcher intended it to do (Collis & Hussey, 2009). In this study, certain selections have 

been made in an attempt to increase the all-purpose validity. Firstly, the choices of Value-at-

Risk models were made with respect to regulatory requirements, implying that results will be 

valid for actual banks, as incorporated in the purpose. In connection, the choices of 

backtesting and evaluation methods were made in an effort to increase the validity further, as 
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they will assess the models under study from more than one perspective. This is generally 

known as methodological triangulation. Nonetheless, it is important to emphasise that all 

Value-at-Risk methodologies generate estimates depending on underlying assumptions. They 

will not represent the absolute truth and, therefore, the validity of any such model can always 

be questioned. 

4.3 LIMITATIONS 

There are, as in most studies, a number of limitations in the methodology of this paper, which 

need certain attention. Firstly, as emphasised by Jorion (2007), when estimating Value-at-

Risk with higher confidence levels, e.g. 99% as in this case, it becomes increasingly difficult 

to confirm deviations in annual based backtesting (i.e. 250 days). The consequence can be that 

it is neither possible to determine whether the observed number of exceptions of a certain 

model is too low, nor if it systematically underestimates risk. However, this issue is 

problematic to overcome with the current regulatory framework. In connection, the tests for 

unconditional coverage have been questioned for some their inherent properties. To begin 

with, the tests are only reliable with substantially large sample sizes (Dowd, 2002). 

Furthermore, for an inaccurate Value-at-Risk model, the rejection probability does not 

generally converge to one as the sample size increases (Escanciano & Pei, 2012). 

Consequently, as pointed out by Pritsker (2001), unconditional coverage tests have low power 

to detect poor Value-at-Risk methodologies. 

As already accounted for, another inefficiency of the unconditional coverage approach is that 

it focuses exclusively on the frequency of tail losses, and discards potentially valuable 

information about their sizes (Dowd, 2002). This issue, however, was partially dealt with by 

introducing the capital utilisation measure as a complement. In particular regarding the 

regulatory backtesting, there is criticism with regards to some of its potential consequences 

for banks. Firstly, an internal model might fail the backtests in abnormal situations, such as a 

market crash, and lead to the incurring of unwarranted penalties. Furthermore, the regulatory 

backtesting might discourage institutions from reporting their in-house Value-at-Risk 

estimates to supervisors (Dowd, 2002). 

There are, however, alternative approaches to the chosen backtesting methodologies. A well-

known one, called conditional coverage
25

, incorporates conditioning and time variation in the 

                                                 
25

 The test for conditional coverage was first introduced by Christoffersen (1998). 
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data. In contrast to unconditional coverage, it takes into consideration the clustering of 

observed exceptions that are close in time, which is occasionally an issue when a model is 

invalidated (Jorion, 2007). In addition, Escanciano and Pei (2012) suggest an alternative data-

driven weighted backtest, contended by the authors to hold good power properties for 

detecting lack of model optimality. Other Value-at-Risk performance criteria are suggested by 

Hendricks (1996), such as Mean Relative Bias, Annualised Percentage Volatility and Average 

Multiple of Tail Event to Risk Measure. In conclusion, unconditional coverage might not be 

the optimal method for model validation, yet it is arguably the most common one given its 

simplicity, and it was deemed the better choice considering the regulatory perspective of this 

thesis. 
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5 DATA 

The below chapter will review the selected set of data for the subsequent empirical study. 

First, there is a brief introduction and discussion about the financial data, followed by 

individual sections describing the composition of each of the four constructed risk factor 

portfolios. Finally, all necessary model specifications and calculations are defined and 

explained, in order to demonstrate how the empirical study has been implemented from a 

practical point of view. 

5.1 ABOUT THE FINANCIAL DATA 

The underlying data used in this study consists of time series reflecting the historical prices 

and rates of financial instruments from several markets, under each of the four mentioned risk 

factor classes: equities, currencies, interest rates and commodities. More specifically, each 

risk factor category comprises four different assets, chosen to construct an associated 

portfolio. The data of all asset portfolios span from different dates in the past until present 

day, however starting no later than from 1997. Therefore, the time series are long enough to 

include both more volatile and more tranquil episodes, which will reinforce the validity of the 

results. This is also in line with what is suggested in the Basel Accords, saying the 

implementation of a bank’s backtesting program should formally begin by year-end 1997 at 

the latest (Basel Committee on Banking Supervision, 2006). The prices and rates represent the 

daily closing figures, meaning that there are no intraday changes taken into consideration. All 

the data has been collected from various online sources (see subsequent sections), and is 

consequently of a secondary nature (Collis & Hussey, 2009).  

There are a few well known empirical facts about financial data in general, of which some 

were proposed already in the 1960’s. Firstly, as previously mentioned, financial return 

distributions have leptokurtic properties and are, therefore, poorly represented by a normal 

distribution. Furthermore, equity returns are typically negatively skewed, implying that 

occasional excessive losses are more common that huge profits. Lastly, empirical studies have 

also proven that squared returns show significant autocorrelation, in other words that 

volatilities of market factors tend to cluster (Manganelli & Engle, 2001). Regarding the choice 

of data in this thesis, the selection was made in order to incorporate instruments with varying 

return characteristics and thereby, as discussed in the previous chapter, increase the reliability 

of the results. 



FREDRIK SJÖWALL • ALTERNATIVE METHODS FOR VALUE-AT-RISK ESTIMATION 

33 

 

Nonethless, one might argue that there is a disadvantage in using real data to examine the 

performance of Value-at-Risk models. The quality of a particular method is measured by how 

well it tracks true Value-at-Risk, which in this case is not known and it can, therefore, only be 

measured indirectly. This may lead to more difficulty in quantifying the errors associated with 

a certain model (Pritsker, 2001). Furthermore, there may be a significant degree of correlation 

between the different risk factor portfolios, possibly resulting in less generalisable results. 

However, one might justify the choice of real data with the fact that it is virtually impossible 

to simulate data that completely emulates the behaviour of the market, which is the original 

intention of a Value-at-Risk model. 

5.2 EQUITIES 

Historical time series of four shares on NASDAQ OMX Nordic Stockholm Large Cap
26

 were 

chosen for the equity portfolio, to reinforce the connection to Sweden in this thesis. More 

specifically, the shares are those of the four big Swedish banks; all included in the 

aforementioned investigation by FI: Handelsbanken A (SHB A), Nordea Bank (NDA SEK), 

Skandinaviska Enskilda Banken A (SEB A) and Swedbank A (SWED A). The data was 

collected online from NASDAQ OMX Nordic (2014), and consist of 4093 daily adjusted 

closing prices
27

 from the period 8
th

 December 1997 to 25
th

 March 2014. The time series for all 

equities are illustrated in Figure 5.1 below: 

                                                 
26

 Large Cap includes companies with a market capitalisation above €1 billion, i.e. highly liquid stocks. 
27

 The adjusted closing price adjusts for dividend payments and stock splits (Ross, et al., 2013) 
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FIGURE 5.1: Daily adjusted closing prices for all four equity shares from 1997-2014. 

The plot exhibits the separate time series of each of the four equities. 

Data source: NASDAQ OMX Nordic (2014). 

5.3 CURRENCIES 

Four widely traded currency pairs have been employed in the empirical study to construct the 

associated portfolio, all with the U.S. Dollar (USD) as base currency
28

: Swiss Franc 

(USD/CHF), British Pound (USD/GBP), Japanese Yen (USD/JPY) and Swedish Krona 

(USD/SEK). The financial time series were acquired online from OANDA (2014) and consist 

of 8847 daily midpoint rates
29

, spanning from 4
th

 January 1990 to 25
th

 March 2014. The four 

exchange rates are situated on entirely different scales, making them less suitable to display in 

a single graph. Hence, the historical rates for each individual currency pair are illustrated in 

Figure 5.2 to Figure 5.5: 

                                                 
28

 The first currency quoted in a currency pair (Ross, et al., 2013). 
29

 The average of the ask price and the bid price. 
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FIGURE 5.2: Daily midpoint exchange rates for USD/CHF from 1990-2014. 

.  

FIGURE 5.3: Daily midpoint exchange rates for USD/GBP from 1990-2014. 

 
FIGURE 5.4: Daily midpoint exchange rates for USD/JPY from 1990-2014. 



FREDRIK SJÖWALL • ALTERNATIVE METHODS FOR VALUE-AT-RISK ESTIMATION 

36 

 

 
FIGURE 5.5: Daily midpoint exchange rates for USD/SEK from 1990-2014. 

The plots exhibit the separate time series of each of the four exchange rates. 

Data source: OANDA (2014). 

5.4 INTEREST RATES 

A fixed income security with a specific maturity time can be used as a proxy for the interest 

rate of the corresponding time horizon. For the simplest example – a zero coupon bond with a 

face value of 100 and maturity in   days – the inverse relationship between its price   and the 

underlying interest rate, expressed as an annual rate  , can be determined by the following 

formula: 

  
   

     
 
    

 
( 5.1 ) 

Four different international government bonds, all with maturity 5 years, have been used for 

the purpose to construct an interest rate portfolio
30

: Great Britain (GB 5Y), Japan (JP 5Y), 

Sweden (SE 5Y) and United States (US 5Y). The data was obtained from Sveriges Riksbank 

(2014), and is expressed as 6207 historical daily rates for each respective government bond 

from 23
rd

 March 1987 to 25
th

 March 2014. In subsequent calculations, equation ( 5.1 ) has 

been applied in order to transform each sample of rates into bond prices. The historical rates 

are exhibited in Figure 5.6: 

                                                 
30

 The four government bonds were chosen mainly because they provided a sufficient amount of data, as opposed 

to several other available bonds, treasury bills etc. 
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FIGURE 5.6: Daily rates for all four government bonds from 1987-2014. 

The plot exhibits the separate time series of each of the four government bonds. 

Data source: Sveriges Riksbank (2014). 

5.5 COMMODITIES 

The commodity portfolio constructed consists of four well-known instruments of such kind: 

Europe Brent Crude Oil (EBC), Gold (XAU), Platinum (XPT) and Silver (XAG). The former 

was acquired from U.S. Energy Information Administration (2014), where the data is 

represented by daily spot prices in USD per barrel
31

. Daily midpoint exchange rates for the 

three metals, in terms of USD per ounce
32

, were collected online from OANDA (2014). 

Consequently, the 5167 daily values of the whole commodity portfolio, extending from 25
th

 

October 1993 to 25
th

 March 2014, are expressed in USD. As with the currencies, the chosen 

commodities are not appropriate for direct comparison in a single graph, as their price ranges 

differ highly. Subsequently, the individual time series are displayed in Figure 5.7 to Figure 

5.10: 

                                                 
31

 1 barrel equals 119.24 litres. 
32

 1 ounce (oz) equals 28.35 gram. 
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FIGURE 5.7: Daily spot prices for Europe Brent Crude Oil from 1993-2014. 

 
FIGURE 5.8: Daily midpoint exchange rates for Gold from 1993-2014. 

 
FIGURE 5.9: Daily midpoint exchange rates for Platinum from 1993-2014. 
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FIGURE 5.10: Daily midpoint exchange rates for Silver from 1993-2014. 

The plots exhibit the separate time series of each of the four commodities. 

Data source: U.S. Energy Information Administration (2014) & OANDA (2014). 

5.6 DATA TREATMENT AND CALCULATIONS 

Firstly, historical time series of profits and losses (P/L), stated in percent, for all the financial 

instruments given account of in this chapter have been generated using the mathematical 

definition of logarithmic returns: 

         
  
    

  ( 5.2 ) 

where      represents the  -day (natural) logarithmic return on day   for price series  . 

In the context of this study    , representing a one-day holding period, which is consistent 

with the regulatory backtesting standards discussed in the framework (see section 2.1). Thus, 

the obtained return series are the data from which all subsequent Value-at-Risk figures, at 

99% confidence level, and various parameters have been estimated. 

In algorithmic terms, the implemented backtesting procedure is executed as follows: First, a 

Value-at-Risk figure for the current Value-at-Risk methodology and portfolio is estimated, 

using a window containing the first       observations of the associated historical return 

series. This number is subsequently compared to observation    , where a violation is 

recorded if the absolute value of a potential loss exceeds the Value-at-Risk figure. The time 

window then shifts one observation, such that it now contains returns        , and is 
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contrasted to observation     analogously. This procedure is repeated until the final 

observation of the entire sample is reached and a total number of exceptions is achieved. 

Regarding the choice of window sample length  , as accentuated by Finansinpektionen 

(2012), there is a critical trade-off between non-stationarity of data and the use of long, more 

comprehensive observation periods. However, the Swedish banks recite different choices of 

sample length, depending on their respective preferences. Therefore, two window sizes are 

tested in the empirical study: the minimum required length of 250 days, and 500 days, as in 

the case of Nordea (2013). 

The choice of portfolio weights is also a significant one. However, since this thesis does not 

deal with the topic of portfolio optimisation, and for the sake of simplicity, the weights are 

allocated such that for each financial asset there is an equal monetary investment at the start 

date of the associated portfolio. In mathematical terms, each asset         with price      at 

day one is assigned the following constant portfolio weight   : 

    
 

    
  

 

     
 
   

   ( 5.3 ) 

Furthermore, there is a considerable number of Value-at-Risk model parameter choices that 

must be specified (see sections 3.2.3 through 3.2.5). In the BRW methodology, the decay 

factor   has been set to 0.99, in line with the positive results of other authors that applied a 

corresponding level (Žiković & Filer, 2009). Moreover, the EMWA volatility decay factor   

in the FHS method is, as already pointed out, set to 0.94 corresponding to suggestions (J.P. 

Morgan & Reuters, 1996). Regarding the modelled parameters             and      in 

Holton’s model, there are restrictions with reference to their data esimation length, as an 

excessive change in the estimates can potentially result in an unfeasible optimisation problem. 

From testing and evaluating a range of moment estimators and sample lengths, the final 

decision fell on the daily EWMA-estimates (similarity to the FHS method) for mean, 

volatility, skewness, kurtosis and correlations. The decay factors        ,        , 

        ,          and         resulted in fairly stable and robust optimisation 

outcomes, and were therefore employed.
33

 

                                                 
33

 The decay factors    and    must be identical due to the boundary properties of correlation, i.e. between -1 

and 1. 
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Lastly, all coding and programming, treatment of data and graph plotting in this report has 

been implemented using MATLAB; a high-level programming language for numerical 

computation and visualisation. The choice of software was made both with respect to 

availability, previous knowledge and appropriateness. 
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6 RESULTS AND ANALYSIS 

In the upcoming chapter, the empirical results produced will be presented and clarified, in 

relation to the purpose of this thesis. The first subsection gives a description of the return 

characteristics of each portfolio, accompanied by a graphical assessment of the properties of 

each Value-at-Risk methodology. Subsequently, the results from the regulatory backtesting 

and unconditional coverage test are presented and analysed, both at an aggregate level and 

for the individual portfolios. Finally, the outcomes of the capital utilisation ratio measure are 

reviewed, correspondingly. 

6.1 DATA AND MODEL CHARACTERISTICS 

Table 6.1 to Table 6.4 exhibit summaries of the key statistics of each portfolio, incorporating 

the complete daily return series of each included financial instrument: 

The tables illustrate the main characteristics and the sample size of each of the four risk factor portfolios.  

TABLE 6.1: Descriptive statistics of the equity portfolio. 

EQUITIES 

Mean 0.000231 

Median 0.000234 

Minimum -0.109698 

Maximum 0.144972 

Std. dev. 0.019354 

Skewness 0.302741 

Kurtosis 8.703417 

Observations 4092 

TABLE 6.2: Descriptive statistics of the currency portfolio. 

CURRENCIES 

Mean -0.000023 

Median 0.000000 

Minimum -0.031324 

Maximum 0.025257 

Std. dev. 0.004007 

Skewness -0.065809 

Kurtosis 6.427366 

Observations 8846 
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TABLE 6.3: Descriptive statistics of the interest rate portfolio. 

INTEREST RATES 

Mean 0.000041 

Median 0.000081 

Minimum -0.015114 

Maximum 0.013197 

Std. dev. 0.001723 

Skewness -0.183755 

Kurtosis 7.651544 

Observations 6206 

TABLE 6.4: Descriptive statistics of the commodity portfolio. 

COMMODITIES 

Mean 0.000297 

Median 0.000474 

Minimum -0.092965 

Maximum 0.069071 

Std. dev. 0.010896 

Skewness -0.290088 

Kurtosis 7.080168 

Observations 5166 

Firstly, we notice that the profits and losses of all portfolios show non-normal characteristics: 

The equity portfolio in Table 6.1 demonstrates, in contrast to previous findings (see section 

5.1), a positive skewness, whereas the other three portfolios, displayed in Table 6.2 to Table 

6.4, show varying degrees of negative skewness. All portfolios are highly leptokurtic; with 

kurtosis no lower than 6. In that respect, the portfolios seem to reflect the typical return 

characteristics of financial data well. 

Furthermore, we observe that the size of the most extreme historical loss in each portfolio 

differs significantly; the equity portfolio exhibits a maximum loss of around 11%, while the 

worst outcome of the interest rate portfolio is merely 1.5%. It should also be noted that each 

portfolio’s standard deviation indicates a similar relationship in terms of magnitude. In brief, 

we conclude that the portfolios may be sorted with respect to volatility in the descending 

order: equities, commodities, currencies, interest rates. 
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Figure 6.1 to Figure 6.4 display the return series of the equity portfolio against the daily 

250-day sample window Value-at-Risk estimates, for each methodology: historical simulation 

(HS), time weighting (BRW), volatility updating (FHS) and Holton’s method (HM). The 

exception plots for equities with 500-day estimation window, as well as for the other three 

portfolios with both window sizes, are found in part A.1 of the report’s appendix. 

 
FIGURE 6.1: 250-day 99% VaR exception plot with historical simulation for equities. 

 
FIGURE 6.2: 250-day 99% VaR exception plot with time weighting for equities. 
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FIGURE 6.3: 250-day 99% VaR exception plot with volatility updating for equities. 

 
FIGURE 6.4: 250-day 99% VaR exception plot with Holton’s method for equities. 

The plots show P/L (black) for the equity portfolio in relation to estimated VaR (red) for the corresponding day. 

A “spike” below the VaR line represents a violation, i.e. an under-predicted loss figure on that particular day. 

As described in the backtesting procedure, every time a historical loss goes below the Value-

at-Risk limit, an exception is recorded
34

. As such, the figures give some comprehension about 

the shape properties of each Value-at-Risk model, in relation to the pattern of losses. Firstly, 

the graphs illustrate how all models’ Value-at-Risk estimates instantly shift as a considerable 

loss enters the observation window. In particular, we observe in Figure 6.1 that HS is 

characterised by (equally) long periods of unchanged estimates and, then, sudden jumps. 

                                                 
34

 Due to the time scale of the plots, no additional graphical indication of an exception was inserted, since it 

would result in less transparent figures. Their purpose is to give an idea about the shape characteristics of each 

VaR model, and not the exact number of violations, which will be reviewed later in the chapter. 
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BRW, on the other hand, reacts more heavily against significant losses, and gives a much 

smoother decrement between its subsequent Value-at-Risk figures, as displayed in Figure 6.2. 

In Figure 6.3, FHS exhibits a spiky profile with constantly fluctuating estimates, and seems to 

respond quickly both before and after a period of high market volatility. Furthermore, it is 

affected not only by severe losses, but also extreme historical profits. Lastly, the nature of 

HM, illustrated by Figure 6.4, is more reminiscent of a combination between HS and BRW, 

without the characteristic jumps of former, although not as smooth as the latter. Common to 

all three weighting methodologies is, however, that they seem to adjust for a recent loss of 

significance much more distinctly than HS does. When observing the graphs in section A.1, 

we see that the typical behaviour of each Value-at-Risk model remains at large, however the 

shape varies depending on the return characteristics of each asset portfolio. 

6.2 BASEL THREE-ZONE APPROACH AND 

UNCONDITIONAL COVERAGE TEST 

Table 6.5 contains an aggregated version
35

 of the backtesting outcomes for each Value-at-

Risk methodology, according to the three-zone capital penalty structure of Basel. 

Subsequently, Table 6.6 displays, for all portfolios, each model’s average number of annual 

violations and the associated average penalty factor, such as presented in section 4.1.2. The 

results of the individual asset portfolios can be found in part A.2.1 of the appendix, and will 

be assessed later in this section. 

                                                 
35

 The number of disjoint 250-day periods backtested in each of the three zones (green, yellow and red), between 

the four portfolios, have been added. That is, there is no addition between the exact number of violations in each 

period. 
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TABLE 6.5: Backtesting with Basel three-zone approach for all portfolios combined. 

The table shows, for all portfolios and estimation window sizes 250 and 500, the performance of the four VaR 

models according to the Basel three-zone structure. The results are reported on an annual basis, and presents a 

summation of the performance in each 250-day period, i.e. the total number periods backtested in the green, 

yellow and red zone, respectively. 

BASEL THREE-ZONE APPROACH SUMMARY (I) 

  HS BRW FHS HM 

250-day window 

Green zone 66 80 77 73 

Yellow zone 23 11 14 17 

Red zone 2 0 0 1 

500-day window 

Green zone 62 75 81 71 

Yellow zone 23 12 6 15 

Red zone 2 0 0 1 

TABLE 6.6: Average annual violations and penalty for all portfolios combined. 

The table shows, for all portfolios and estimation window sizes 250 and 500, the average performance of the 

four VaR models in the Basel three-zone approach. The values represent the average number of annual violations 

and the associated average penalty factor, according to the structure. 

BASEL THREE-ZONE APPROACH SUMMARY (II) 

  HS BRW FHS HM 

250-day window 

Average annual violations 3.480 2.631 3.044 2.806 

Average annual penalty 0.162 0.053 0.076 0.099 

500-day window 

Average annual violations 3.461 2.758 2.556 2.758 

Average annual penalty 0.182 0.068 0.030 0.099 

Firstly, in Table 6.5 we notice that the results for the 250-day estimation window include four 

more annual observations than the 500-day window. This is a direct consequence of the 

different window sample lengths; the 500-day window needs 250 more observations before 

the first Value-at-Risk estimation is possible, and therefore one year of data is lost for each of 

the four portfolios. Also, since the Basel backtesting approach requires complete 250-day data 

periods, all data sets in this particular test had to be reduced to the closest multiple of 250, 

where the earliest observations of each sample were discarded. 

There are a number of important observations in the above results that need emphasis. Firstly, 

as may be observed in Table 6.5, none of the methods avoid the regulatory penalty factor 

completely; all of them land in the yellow or/and red zones occasionally. In the same table we 

notice that HS is the model with the most annual periods in the red zone, both for the 250-day 
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and 500-day window
36

. Furthermore, BRW seems to be the better performing among the 250-

day estimates, with 80 periods in the green zone and 11 in the yellow, and none in the red. 

However, turning our attention to the 500-day sample length results, we note that the 

performance of FHS has improved significantly, surpassing all the other models with 81 

periods in the green zone, 6 in the yellow and none in the red. This observation can be 

contrasted to the other three methodologies, whose performances do not seem benefit 

significantly from the longer sample window. Worth mentioning is also that HM in both cases 

has one annual period in red zone, in comparison to the other two weighting methodologies. 

Table 6.6 reveals that all models, to varying degrees, on average exhibit too many annual 

exceptions in contrast to the theoretical value of 2.5. The previous findings about HS are 

reinforced; that it, for both window sizes, displays an excessive number of violations; 3.480 

and 3.461 on average, respectively. As a result, the average penalty
37

 is substantially higher 

than for any of the other models. As previously indicated, FHS with sample length 500 days is 

the superior method in general, with an average number of violations at 2.556, in other words 

relatively close to the theoretical value. This result is reflected by its low average annual 

penalty at only 0.030. The corresponding values of the other two weighting methodologies 

indicate that BRW on average outperforms HM for the 250-day window, while they perform 

fairly equivalently for the 500-day window, however the former has a lower penalty on 

average. 

By investigating the results of the individual portfolios in part A.2.1 of the appendix, a few 

further conclusions can be drawn. Firstly, in contrast to the aggregated results, the models do 

not exhibit too many annual exceptions in every portfolio, as illustrated by the four lower 

tables in the section. For instance, both 500-day FHS and HM under-predict the number of 

violations for the interest rates. We also notice that HS does not only perform the worst on 

average, but as well for every portfolio. Furthermore, the average penalties are higher in total 

for the equity portfolio than the other three, indicating that all the models may perform worse 

when the volatility and the kurtosis of the underlying portfolio are higher. Otherwise, there 

does not seem to be any distinctive pattern regarding the regulatory performance of a model in 

relation to its window sample length, with the exception of FHS that, as already inferred, for 

every portfolio performs better with the 500-day window. Moreover, the latter is the only 

model to completely avoid capital penalty in any of the portfolios, i.e. for the commodities. 

                                                 
36

 Two periods in red zone for both windows sizes. 
37

 Average penalty at 0.162 for the 250-day window and 0.182 for the 500-day window. 
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Table 6.7 complements the above findings by indicating whether a certain Value-at-Risk 

model is accepted or rejected in the unconditional coverage test. The table is a summary of the 

individual portfolio results displayed in part A.2.2 of the appendix. 

TABLE 6.7: Backtesting with unconditional coverage test for all portfolios combined. 

The table exhibits, for each VaR methodology with the window sizes 250 and 500 days, the total number of 

model rejections when evaluated on the entire return samples of the four portfolios. The unconditional coverage 

test suggested by Kupiec (1995) specifies whether a model is accepted or rejected at a 95% (two-tailed) 

confidence level. 

UNCONDITIONAL COVERAGE TEST SUMMARY 

 
HS BRW FHS HM 

250-day window 

Rejections 4/4 0/4 0/4 1/4 

500-day window 

Rejections 4/4 0/4 0/4 0/4 

First and foremost, we note that HS is rejected as a model at 95% two-tailed confidence level 

for all four asset portfolios, both for the 250 and 500-day window lengths. This can be 

contrasted to the three weighting methodologies, where only the 250-day HM is rejected as a 

model in one instance
38

. In other words, the null hypotheses of the weighting methodologies 

are predominantly accepted, whereas for HS they are univocally rejected. 

The results of the individual portfolios in the appendix reveal further about the prediction 

power of the models, by reviewing the outcome of violations in relation to the 99% Value-at-

Risk target level. Firstly, it seems that the prediction accuracy of a majority of the models is 

benefited, to some extent, by the longer sample window. We also notice that the 250-day FHS 

is often close to being rejected, whereas the 500-day makes significantly more robust 

predictions and is the most consistent model between the portfolios, with respect to coverage 

in relation to the theoretical number of exceptions. The outcomes of the other two weighting 

methodologies are more ambiguous, however BRW performs fairly equally for both window 

sizes, shifting no more than two violations within any portfolio. 

6.3 CAPITAL UTILISATION RATIO 

Table 6.8 includes the portfolio average capital utilisation ratios with the four combinations of 

days   and percentiles  39. Subsequently, Table 6.9 reports the mean and standard deviation 

                                                 
38

 HM is rejected at 95% for the interest rates. 
39

          and              . 
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of each model’s sample of Value-at-Risk estimates. The statistics have been normalised in 

relation to HS, such that each value has equal impact on the portfolio average
40

. The 

corresponding tables for the risk factor portfolios separately are located in part A.2.3 of the 

appendix. 

TABLE 6.8: Capital utilisation ratios for all portfolios combined. 

The table illustrates the average capital utilisation ratio outcomes for all portfolios, with VaR model window 

sizes of 250 and 500 days. The first column specifies the   number of days considered for losses incurred after a 

VaR estimation, and the second column states the particular   percentile examined in the capital utilisation ratio 

distribution. A lower capital utilisation ratio represents a less extreme model failure and therefore a more 

efficient model. 

CAPITAL UTILISATION RATIO SUMMARY (I) 

Days Percentile HS BRW FHS HM 

250-day window 

1 99.0 1.104 1.083 1.065 1.077 

1 99.5 1.318 1.309 1.287 1.296 

10 99.0 3.638 3.546 3.605 3.501 

10 99.5 4.242 4.158 4.164 4.057 

500-day window 

1 99.0 1.121 1.051 1.034 1.038 

1 99.5 1.325 1.284 1.231 1.260 

10 99.0 3.608 3.538 3.472 3.454 

10 99.5 4.262 4.126 4.007 4.045 

TABLE 6.9: VaR mean and standard deviation for all portfolios combined (normalised). 

The table displays, for model window sizes 250 and 500 days, the portfolio averages of the mean and standard 

deviation of each model’s VaR estimates. The numbers are normalised in relation to those of HS, such that the 

statistics of each portfolio have equal impact on the average. By definition, this implies that the column for HS 

exhibits only ones. 

CAPITAL UTILISATION RATIO SUMMARY (II) 

 
HS BRW FHS HM 

250-day window 

VaR mean (norm.) 1 1.06265 1.02032 1.04342 

VaR std. dev. (norm.) 1 1.33142 1.44420 1.16203 

500-day window 

VaR mean (norm.) 1 1.02378 1.02630 1.00228 

VaR std. dev. (norm.) 1 1.43786 1.65324 1.30171 

The capital utilisation ratio shows, unlike the tables in the previous section, how well each of 

the four Value-at-Risk methodologies withstand the magnitude, rather than the frequency, of 

                                                 
40

 Otherwise, a portfolio with higher Value-at-Risk means and standard deviations; such as the equity portfolio, 

will dominate the aggregated averages. 



FREDRIK SJÖWALL • ALTERNATIVE METHODS FOR VALUE-AT-RISK ESTIMATION 

51 

 

future losses in relation to their average capital investment. As previously described, a lower 

number represents less extreme portfolio impairment in the event of an excessive loss. We 

note in Table 6.8 that the ratio increases with the number of days   as well as the percentile   

for both windows and all models, which is consistent with the underlying presumptions of the 

method. Table 6.9 is meant to demonstrate two important characteristics of each Value-at-

Risk methodology: the average capital investment in relation to HS (referred to as the term 

       in the capital utilisation formula), and the volatility of the capital investment relative 

to HS. 

Firstly, the results in Table 6.8 indicate that the capital efficiency of the three weighting 

methodologies is improved with the longer time window, since all ratios decrease 

accordingly. This statement is, however, not true regarding HS. The outcomes further display 

HS as the least efficient model, with the highest capital utilisation ratios for all combinations 

of days   and percentiles  . This result can be traced back severe losses in relation to 

estimated Value-at-Risk level rather than a high average capital investment: the Value-at-Risk 

mean for HS is the lowest
41

 of the four models, for both window sizes, as demonstrated in 

Table 6.9. In the same table we also note that the Value-at-Risk estimates of HS show the 

lowest volatility, which is not surprising in view of its shape characteristics, exhibited in 

section 6.1. 

Focusing on the results for the 250-day window in Table 6.8, there is no model for which the 

capital utilisation ratio is constantly lower than the others’. For    , FHS is the most 

favourable model, whereas for     , HM outperforms the other weighting methodologies 

(for both percentiles  ). In other words, FHS seems to provide the better short-term capital 

coverage, while HM present better coverage on a longer time horizon. We further observe that 

FHS in Table 6.9 demonstrates the lowest average capital requirement of the weighting 

methodologies, but as well the highest variability in the Value-at-Risk estimates. The latter 

was to expect, taking its distinctive spiky profile into account. 

For the 500-day sample length, FHS outperforms the other weighting methodologies in three 

out of four cases: both percentiles for    , and        for     , as observed in Table 

6.8. Here, however, Table 6.9 reveals that FHS has the highest average capital requirement, 

                                                 
41

 As Table 6.9 only shows the normalised means of HS, there can be no comparison in between the time 

windows. However, it is clear that the corresponding values for the other three models are higher in both cases. 

The normalisation has been omitted in individual tables in appendix part A.2.3. 
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and its estimates again contain the highest variability. Consequently, the favourable capital 

utilisation ratios of FHS can be coupled to less extreme losses relative to capital held, as 

opposed to a low average Value-at-Risk level. In this setting HM, which just about equals the 

capital utilisation ratios of FHS, exhibits the lowest Value-at-Risk mean, as well as variance, 

in relation to HS. 

The first four individual tables in appendix part A.2.3 demonstrate that the capital utilisation 

ratios are comparatively consistent between all portfolios, although they are slightly higher for 

the interest rates and the commodities on average. We further note that the results for HS are 

heavily impeded by its relatively poor performance in the equity portfolio, possibly due to the 

higher return volatility, as demonstrated in section 6.1. In the other three portfolios, HS 

displays capital utilisation ratios of about the same level as the ones of BRW, for both 

window sizes. Furthermore, we can deduce that HM performs better than the other models for 

the currencies, whilst FHS is superior for the commodities. In addition, from the lower four 

tables, a more general (and predictable) pattern between the window sizes is confirmed: the 

500-day sample length models show persistently lower standard deviation in the Value-at-

Risk estimates. Put differently, the estimates change more frequently for the models with 

shorter time window. There is, however, no corresponding pattern for the mean of the Value-

at-Risk estimates. 
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7 DISCUSSION 

In the subsequent chapter, the presented results will be put into context, compared and 

discussed from a critical standpoint. The section is primarily structured around the three 

main research questions formulated in the introduction of this paper, in order to provide the 

required inferences. A key aim of the chapter is to connect and contrast the most significant 

empirical findings to the covered theoretical framework regarding Value-at-Risk, with a 

particular focus on current regulations and the Swedish financial institutions. 

The three weighting methodologies under investigation in this thesis use different approaches 

that seek to counteract the main issues of historical simulation as a Value-at-Risk model. The 

empirical study of the paper was carried out in such manner that the performance of the 

weighting methodologies could be objectively contrasted to that of historical simulation, in 

order to enable the answering of the following three research questions: 

 To what degree does weighting of observations improve the performance of the historical 

simulation model? 

 Which weighting technique for non-parametric Value-at-Risk, in terms of accuracy and 

capital efficiency, yields the most robust results? 

 In the regulatory setting, what Value-at-Risk model is more suitable for a bank’s internal 

market risk management? 

In view of the first research question, the empirical study in Chapter 6 univocally 

demonstrates that the performance of historical simulation (HS) can be improved 

significantly
42

 by the introduction of a weighting methodology. The results for time weighting 

(BRW), volatility updating (FHS) and Holton’s model (HM) suggest, without exception, that 

HS is a less capable Value-at-Risk model in direct comparison. 

More specifically, from an accuracy perspective, HS exhibited a total (all four asset portfolios 

together) of 25 annual periods of regulatory capital penalty for the two model window sizes 

250 and 500 days. In contrast, the worst performing weighting methodology; 250-day HM, 

aggregated no more than 18 periods of penalty. In connection, the average penalty factors of 

both HS models were significantly above 0.15, whereas the corresponding numbers for BRW, 

FHS and HM were all below 0.10. Also, HS held annual averages of exceptions around 3.5, in 

                                                 
42

 The term significantly particularly refers to the unconditional coverage test, since it enables the rejection or 

acceptance of a model. 
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relation to the theoretical level of 2.5. All weighting methodologies but one were significantly 

below 3.0. Lastly, both 250 and 500-day HS were rejected at 95% confidence level as “true” 

99% Value-at-Risk models for the equities, currencies, interest rates, as well as commodities. 

The weighting methodologies, however, only displayed one rejection in total for both window 

sizes. Consequently, it is clear that the accuracy of HS is improved to a high degree by the 

implementation of the different methods for weighting of observations. 

In terms of capital efficiency, there is empirical evidence supporting that the alternative 

methods, again, surpass HS. Regardless of time horizon,     or      days, and 

distribution percentile,        or       , the capital utilisation ratios of HS were higher 

than those of the other models, suggesting that it provides a lower protection in relation to its 

average capital investment. This result, however, may not be considered as general as the 

previous, since the average ratios of HS were considerably impaired by its performance in the 

equity portfolio. 

From a more theoretical point of view, the shape characteristics reviewed in section 6.1 

demonstrate that the main issues related to the underlying assumptions of HS are countered by 

the three weighting methodologies. Firstly, the models incorporate the non-stationarity of the 

market to a greater extent, since they are clearly more responsive than HS to recent outcomes 

within all the portfolios, both during volatile and tranquil periods. Moreover, the problem 

related to the mentioned roll-over effect (see section 3.2.2) is effectively reduced in the 

weighting methodologies, as they do not exhibit the characteristic backward jumps of HS. 

This implies that significant losses leaving the sample window do not have the same heavy 

impact on the estimated Value-at-Risk level, which is more sensible from both a theoretical 

and practical perspective. 

The answer to the second research question may, like the first, be determined with little 

ambiguity. The empirical results in the previous chapter predominantly indicate that, of all the 

examined weighting methodologies and window sample lengths, the 500-day FHS model 

yields the most robust Value-at-Risk estimates. However, the full answer comprises a 

comment on the outcomes in the individual portfolios, and explanations for both performance 

perspectives. 

Overall, few general conclusions could be made about the capacity of each Value-at-Risk 

model with respect to the individual risk factor categories, since there was little empirical 
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evidence indicating on any deviating performance patterns or key differences in between the 

associated portfolios. Therefore, it appears that the capability of the models, at least in the 

context of this study, is not substantially dependent on the asset class of the underlying 

portfolio. Nevertheless, with other data this particular result might have been different. 

On an aggregated level, the model accuracy of 500-day FHS was notably higher than for any 

of the other methodologies: it exhibited only 6 out of 87 annual periods outside the green zone 

in total, an average penalty factor of 0.030 and an average number of annual backtesting 

exceptions at 2.556. Furthermore, the model was accepted at 95% confidence level for all 

asset portfolios. This may be contrasted to the second best model in terms of accuracy; 250-

day BRW, which displayed 11 out of 91 periods of regulatory penalty, an average penalty of 

0.053 and average annual violations at 2.631. The capital efficiency of 500-day FHS, in terms 

of capital utilisation ratio, was also more favourable than for any of the remaining models. 

More specifically, three out of the four observed ratios were the overall lowest on average, 

meaning that 500-day FHS in total provides the better capital protection in relation to its 

average investment. Consequently, the empirical evidence as a whole was deemed sufficiently 

univocal to argue for the supremacy of 500-day FHS. 

However, in addition to the above conclusion must be emphasised that a 500-day time 

window may not necessarily be the optimal choice of historical sample length for FHS in 

particular. Considering the model’s significant statistical improvement between the shorter 

and longer windows tested, it is highly possible that the performance of FHS could be 

enhanced more by further increasing the window size. One may also reflect on the underlying 

cause for such an outcome. A potential reason could be that in the case of FHS, as opposed to 

the other two weighting methodologies, an extended time window does not generally imply a 

more stationary data set. The magnitude of an individual return observation constantly shifts 

with the most recent volatility estimate, and therefore a longer historical sample length instead 

offers a more comprehensive characterisation of the current profit and loss distribution. 

It is of high importance to contrast the main findings presented to the relevant previous 

research. More specifically, there are a number of connections with reference to the 

performance of the individual weighting methodologies. Firstly, in line with the results of 

Boudoukh, et al. (1998), Sinha and Chamú (2000) and Žiković and Aktan (2009), the BRW 

model did outperform HS statistically and, consequently, produced more accurate Value-at-

Risk estimates, when evaluated on fat-tailed data series, i.e. all the financial data included. 
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The conclusions of Pritsker (2001); that BRW is too conservative and slow to react to changes 

in risk, are more difficult to put into context, since the author conducts an empirical study 

with simulated GARCH data rather than real financial data, and thus knows the true Value-at-

Risk level when tracking the model errors. Furthermore, due to the scope of investigated 

models it is difficult to comment on the choice of decay factor       , suggested by 

Žiković and Filer (2009). It seems, however, to be adequate with reference to the enhanced 

results of BRW. 

Regarding FHS, Hull and White (1998) suggested that it is more direct than BRW. This 

statement is, however, disputable, since the two models are on approximately the same level 

of computational complexity. Furthermore, in contrast to the results of the above authors, in 

the empirical study of this paper FHS surpassed HS for both equities and currencies data. In 

section 6.1, we observed how FHS is affected by both losses and profits of significant 

magnitude, in compliance with the suggestions of Nataraj, et al. (2010) and Adcock, et al. 

(2011). The findings of Sharma (2012), i.e. that combining HS and FHS resulted in a lower 

regulatory penalty factor, also appear to cohere with the empirical evidence in this thesis. An 

important issue of FHS that needs further attention, also highlighted in the mentioned study 

by Louzis, et al. (2011), is its statistical weakness for highly volatile time periods. In the 

presence of volatility clustering, FHS has a tendency to highly overstate its Value-at-Risk 

estimates in comparison to other the models. This characteristic behaviour can be observed at 

a few occasions in the exception plots in part A.1 of the appendix. There is nothing that 

prevents the model from potentially estimating a Value-at-Risk figure above 100%, meaning 

that one is ought to hold more capital than the entire value of a portfolio, i.e. more capital than 

could potentially be lost. This conceptual flaw does not exist in the other methodologies, as 

they are constrained by the maximum loss of the historical sample. However, a solution for 

the above problem may be to incorporate a specific threshold value for the Value-at-Risk 

estimates of the model. 

The performance of the third weighting methodology, HM, is more difficult to put into 

context, as it not known to have been evaluated correspondingly before. It did, in all aspects, 

outperform HS, indicating that it is certainly a more adequate choice of Value-at-Risk model 

from a statistical perspective. The results compared to those of BRW and FHS, however, were 

more mixed; HM did not prove to be a significantly upgraded model in relation. Furthermore, 

the statement by Dowd (2002) regarding the high degree of flexibility and great 
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generalisability of HM was only true to a certain extent. The model is more general in that 

sense that one may theoretically select the values of all characterising parameters, i.e. central 

moments, of the sample return distribution and the resulting weights, exactly according to 

current estimates or beliefs. This choice was, however, found to be highly restricted with 

reference to the robustness of the estimated weights, since a slight incompatibility between 

the modelled parameters and those of the entire sample would often result in an unfeasible 

optimisation problem. The inclusion of too few or too many historical observations in the 

estimates of the modelled parameters would typically cause such a problem. In this aspect 

HM therefore proved to be more dependent on the logic incorporated in the data. In the 

empirical results of HM we also notice a higher instability (than for the other weighting 

methodologies) in the relative performance between the two window sizes, which could be an 

effect of the discussed shortcoming. 

At length, the answer to the third research question, which is the most significant from an 

applied perspective, is yet to be examined. Until this point the Value-at-Risk models have 

predominantly been considered by their statistical performance, but the associated suitability 

for a bank’s internal market risk management is as imperative. A model that does not provide 

precise estimates is normally not considered very useful, but to most banks the simplicity of 

the model is also of interest. Their internal computation of Value-at-Risk typically involves a 

large number of calculations and procedures for various financial assets and portfolios, which 

altogether require a significant amount of time. Therefore, the banks normally want to avoid 

high model implementation costs, as it tends to make it less functional in practice. One must 

not forget that a main reason for the popularity of HS is its mentioned simplicity, rather than 

its flawlessness. It incorporates, in contrast to the weighting methodologies, minimal 

parametric assumptions, which reduces the risk of model misspecification. The more 

parameters a certain model depends on, the more complex it becomes. Thus, if they are not 

correctly specified or estimated, the complexity will not be to any benefit and potentially 

result in worse outcomes. 

Precision versus simplicity is an important dilemma in this context that does not have a single 

answer; one naturally wants to aim for precision with as high simplicity as possible. The 

current topic may have been discussed at an earlier stage in this thesis, but was brought 

forward to first allow an objective, capability-based comparison of the models. In this light, 

however, the 500-day FHS model appears to be a suitable compromise, as it does not involve 

the potentially complicated optimisation problem of HM, but generates significantly more 
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precise Value-at-Risk estimates than HS. However, a feature of FHS that may be considered 

problematic, particularly from a bank’s perspective, is the high volatility of its Value-at-Risk 

figures, as presented in the results.  Higher fluctuation implies a less stable estimate, forcing 

one to adjust the current capital requirement more frequently.  

For any bank, there is as well the regulatory perspective to consider. Here, we have already 

seen how the three weighting methodologies were more favourable than HS based on the 

Basel three-zone approach. Furthermore, they all meet the quantitative standards for 

confidence level and historical observation period. However, there is still some query as to 

what is allowed for in terms of the weighting structure itself, according to the regulatory 

framework. Referring back to section 2.1, it was accentuated that the IMA directives, 

specifically for banks that use a weighting scheme, required the weighted average time lag of 

the individual observations to be no less than 6 months.  Jorion (2002) demonstrated how this 

is an issue for the FHS model with decay factor       , by deriving the average life of its 

EWMA volatility estimates to only 16.7 days. However, as established in the same section, 

the Basel Accords amendment of 2009 increased the flexibility of the weighting framework, 

by allowing methodologies that produce a capital charge at least as conservative. As presented 

in the results, all weighting models tested in this paper exhibited higher average capital 

requirements than HS, which itself satisfies the previous regulatory standard, whereupon they 

all evade the restriction. On the other hand, this fact may as well discourage banks to 

implement the weighting methodologies, since they typically wish see a low capital 

requirement rather than a high. This possible concern should, nonetheless, be offset by the 

lower average penalty factors displayed. 

Finally, there are still a few associations to be made with reference to Swedish financial 

institutions in particular. First, we may consider the conclusions of the investigation by 

Finansinspektionen (2012) in the context of this thesis. One of their main findings was that 

the internal Value-at-Risk models of many Swedish banks lacked in analytical structure and 

incorporated immoderate simplifications. In this certain aspect, one might indeed argue for 

the three weighting methodologies examined, since they all aim to sophisticate the analytical 

structure of HS, by counterbalancing some of its unrealistic simplifications. Furthermore, the 

endorsement of the 500-day FHS appears to be in line with the suggestions of FI; that an ideal 

sample window is longer than the minimum requirement of 250 days, since it is more likely to 

be truly representative for the movements of the market. However, their claim that a longer 
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time window tends to render a higher capital requirement penalty did not cohere with the 

empirical evidence of this paper. Moreover, in the results the models with the longer sample 

window persistently exhibited lower capital utilisation ratios and volatility, that is to say 

improved capital efficiency as well as more stable Value-at-Risk estimates, which adds to 

their favour. In view of the three Swedish banks; Handelsbanken, Nordea and SEB, the above 

discussion suggests that they should all consider employing the longer time window in their 

respective models (which Nordea already does). However, regardless of this choice, the 

findings of this thesis show that all the banks can improve their internal Value-at-Risk 

measurement using historical simulation, by implementing a weighting methodology. 
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8 CONCLUSION 

In the final chapter, the findings of this study will be reviewed and concluded. The section 

begins with a summary of the main results, advanced by further reflections and observations. 

Subsequently, there is a discussion covering other related research topics for the future, and 

how this study could be further developed or generalised. Lastly, the findings are viewed from 

a sustainability perspective to contemplate what potential effects they may have in society. 

8.1 SUMMARY OF FINDINGS AND REFLECTIONS 

The original problem addressed in this thesis concerns a number of unrealistic assumptions 

incorporated in the framework of historical simulation; a non-parametric Value-at-Risk model 

commonly adopted in the banking industry for internal market risk management. As such, the 

purpose of the paper was formulated as to examine and compare the performance of 

alternative approaches for estimating non-parametric Value-at-Risk. More specifically, the 

choice was made to investigate three different weighting methodologies for historical 

simulation (HS), which all seek to counteract some of its inherent issues: an exponentially 

decreasing time weighting approach (BRW), a volatility updating method (FHS) and, lastly, a 

more general weighting approach that allows the specification of all the central moments of a 

return distribution (HM). The capability of the models was assessed both in terms of accuracy 

and capital efficiency, evaluated on a set of historical financial data, but, as well, from a 

regulatory suitability perspective, with a particular focus on the Swedish market. 

The empirical findings of this thesis show that the performance of HS as a Value-at-Risk 

model can be improved significantly by the introduction of a weighting methodology. In 

particular, ordinary HS was consistently outperformed by the three weighting models in the 

assessment for accuracy, constituted by the regulatory backtesting approach suggested by the 

Basel Committee and a general test for unconditional coverage. Furthermore, HS was 

similarly surpassed in the test for capital efficiency, represented by the measure known as 

capital utilisation ratio. The results further suggested that the volatility updating approach, 

FHS, with a historical observation window of 500 days is the most favourable of the 

examined weighting methodologies. Specifically, the 500-day FHS exhibited better average 

results than any of the other models, from both performance perspectives, across the four 

constructed portfolios for the defined risk factor classes: equities, currencies, interest rates and 

commodities. 
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The findings, in the context of the incorporated regulatory and theoretical framework 

(referring back to Chapter 2 and Chapter 3), led to the conclusion that the implementation of 

weighting methodologies would be beneficial for banks that employ historical simulation as 

Value-at-Risk model in their internal market risk management. Firstly, it enhanced the 

regulatory performance and resulted in less capital requirement penalty, in compliance with 

the established standards of the Basel Accords. Furthermore, it normally provides a better 

option in terms of the trade-off between model precision and simplicity. Finally, with 

reference to the Swedish market in particular, it offsets some of the identified weaknesses in 

the internal Value-at-Risk models of the financial institutions. 

As mentioned in the introduction chapter, the findings of this study are relevant both from an 

academic and a practical point of view. The paper contributes to the academia through the 

testing and contrasting of a novel setup of non-parametric Value-at-Risk methodologies in a 

different setting and with new combinations of financial data. Consequently, it complements 

and adds to the previously existing literature and research, reviewed in section 3.3 of the 

theoretical framework. In a more applied sense, this paper contributes to the quality of the 

internal market risk management of banks and financial institutions. The obtained results 

reflect the fact that banks may both reduce the possibility of underestimating risk in times of 

financial stress, as well as rationalise their distribution of capital at all times. In particular, the 

paper offers an additional contribution to the Swedish stakeholders, by mapping the current 

situation domestically. 

8.2 FURTHER RESEARCH 

In sequence follows a brief discussion on how this type of study could be carried out 

differently, as well as suggestions for future lines of research in similar contexts. The results 

of this thesis, as is common in scientific research, are only generalisable to a certain degree, 

due to its delimitations and limitations (see sections 1.4 and 4.3, respectively). Indeed, there 

are various theoretical and methodological choices and aspects that could be altered. Firstly, 

with regards to the choice of data, one may instead employ various simulation models, e.g. 

GARCH, and thus not be limited by the amount of real data available. In such a study, the 

reliability of the results would certainly increase, although the corresponding validity would 

probably not. An alternative method for obtaining a greater quantity of data that would be 

relevant to examine is a “mirror” technique suggested by Holton (1998), with which one 

duplicates the number of historical scenarios available. This approach, however, per definition 
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removes the skewness of the data sample, which would be considered a significant drawback 

for some studies. 

In connection, in a more comprehensive study than this, one could increase the number of 

instruments in the examined portfolio or portfolios, as well as combine different classes of 

financial assets, for improved generalisability. Another natural extension, which was left out 

due to time restrictions, would be to investigate the same Value-at-Risk models for a range of 

parameters and confidence levels. This may, similarly, yield more general results, but at the 

same time constitute a study in parameter optimisation rather than model applicability. 

Another interesting thought would be to study a combination of the examined methodologies, 

for instance by implementing volatility updating in the framework of BRW. In addition, a 

study that expands to other Value-at-Risk models, such as parametric, or even other risk 

measures, including coherent and spectral measures such as Expected Shortfall, would give a 

more complete depiction than the one this paper presents. However, the challenge in such an 

investigation would be to think of an approach to contrast all risk measures uniformly and 

objectively. 

A further topic that would be interesting to examine more closely is the performance of each 

Value-at-Risk methodology depending on the time period examined, such as various 

historical market crashes and financial crises. A related and highly relevant topic in this 

context is the recently introduced regulatory requirement of stressed Value-at-Risk reporting, 

as discussed in the regulatory framework. From a profitability perspective, one could conduct 

a comparative study that specifically assesses how much additional capital a bank can retain 

or must forfeit by implementing a certain Value-at-Risk model. Lastly, a corresponding 

investigation that analyses the capability of models measuring other types of risk, such as 

credit risk, would be of equal significance. 

8.3 IMPACTS AND SUSTAINABILITY 

To conclude with a final overview, it is necessary to also incorporate a broader perspective in 

the analysis of the results. One ought to consider what potential benefits and consequences the 

findings may have for the sustainability of today’s society. As was discussed in the 

introduction chapter, by not assessing the underlying risk of the market accurately, banks may 

allocate their capital sub-optimally, which in turn can cause impairment on both their 

profitability and financial stability (Jadhav & Ramanathan, 2009). Furthermore, the increasing 

rate at which financial regulations expand has a considerable effect on the operations of many 
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banks and companies, and therefore the people within them (Finansinspektionen, 2011). In 

this light, the findings of this paper can contribute with significant input to the development of 

market risk management in various financial industries. As such, the conclusions of this thesis 

are important from a general economic point of view, since they could have an impact on the 

solidity of banks and financial institutions; something that is of particular importance in times 

of financial stress. The soundness and sustainability of the finance sector is imperative for the 

functioning of present day society, and many people are severely affected in the event of 

bankruptcy or economic failure. 
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APPENDIX A 

The appendix contains the majority of the figures and tables pertaining to the results of this 

study, which were omitted from the associated chapter. The figures show, for the portfolios of 

equities, currencies, interest rates and commodities, the exception plots of the four Value-at-

Risk models under study, with two window sizes. The tables show, for the corresponding 

portfolios, the performance of each Value-at-Risk model in the selected evaluation methods. 

A.1 FIGURES 

A.1.1 EQUITIES 

 
FIGURE A.1: 500-day 99% VaR exception plot with historical simulation for equities. 

 
FIGURE A.2: 500-day 99% VaR exception plot with time weighting for equities. 
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FIGURE A.3: 500-day 99% VaR exception plot with volatility updating for equities. 

 
FIGURE A.4: 500-day 99% VaR exception plot with Holton's method for equities. 

The plots show P/L (black) for the equity portfolio in relation to estimated VaR (red) for the corresponding day. 

A “spike” below the VaR line represents a violation, i.e. an under-predicted loss figure on that particular day. 
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A.1.2 CURRENCIES 

 
FIGURE A.5: 250-day 99% VaR exception plot with historical simulation for currencies. 

 
FIGURE A.6: 250-day 99% VaR exception plot with time weighting for currencies. 

 
FIGURE A.7: 250-day 99% VaR exception plot with volatility updating for currencies. 
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FIGURE A.8: 250-day 99% VaR exception plot with Holton's method for currencies. 

 
FIGURE A.9: 500-day 99% VaR exception plot with historical simulation for currencies. 

 
FIGURE A.10: 500-day 99% VaR exception plot with time weighting for currencies. 
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FIGURE A.11: 500-day 99% VaR exception plot with volatility updating for currencies. 

 
FIGURE A.12: 500-day 99% VaR exception plot with Holton's method for currencies. 

The plots show P/L (black) for the currency portfolio in relation to estimated VaR (red) for the corresponding 

day. A “spike” below the VaR line represents a violation, i.e. an under-predicted loss figure on that 

particular day. 
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A.1.3 INTEREST RATES 

 
FIGURE A.13: 250-day 99% VaR exception plot with historical simulation for interest rates. 

 
FIGURE A.14: 250-day 99% VaR exception plot with time weighting for interest rates. 

 
FIGURE A.15: 250-day 99% VaR exception plot with volatility updating for interest rates. 
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FIGURE A.16: 250-day 99% VaR exception plot with Holton's method for interest rates. 

 
FIGURE A.17: 500-day 99% VaR exception plot with historical simulation for interest rates. 

 
FIGURE A.18: 500-day 99% VaR exception plot with time weighting for interest rates. 
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FIGURE A.19: 500-day 99% VaR exception plot with volatility updating for interest rates. 

 
FIGURE A.20: 500-day 99% VaR exception plot with Holton's method for interest rates. 

The plots show P/L (black) for the interest rate portfolio in relation to estimated VaR (red) for the corresponding 

day. A “spike” below the VaR line represents a violation, i.e. an under-predicted loss figure on that 

particular day. 
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A.1.4 COMMODITIES 

 
FIGURE A.21: 250-day 99% VaR exception plot with historical simulation for commodities. 

 
FIGURE A.22: 250-day 99% VaR exception plot with time weighting for commodities. 

 
FIGURE A.23: 250-day 99% VaR exception plot with volatility updating for commodities. 
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FIGURE A.24: 250-day 99% VaR exception plot with Holton's method for commodities. 

 
FIGURE A.25: 500-day 99% VaR exception plot with historical simulation for commodities. 

 
FIGURE A.26: 500-day 99% VaR exception plot with time weighting for commodities. 
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FIGURE A.27: 500-day 99% VaR exception plot with volatility updating for commodities. 

 
FIGURE A.28: 500-day 99% VaR exception plot with Holton's method for commodities. 

The plots show P/L (black) for the commodity portfolio in relation to estimated VaR (red) for the corresponding 

day. A “spike” below the VaR line represents a violation, i.e. an under-predicted loss figure on that 

particular day. 
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A.2 TABLES 

A.2.1 BASEL THREE-ZONE APPROACH 

The below tables show, for each individual portfolio and estimation window sizes 250 and 500, the performance 

of the four VaR models according to the Basel three-zone structure. The results are reported on an annual basis, 

and presents a summation of the performance in each 250-day period, i.e. the number periods backtested in the 

green, yellow and red zone, respectively. 

TABLE A.1: Backtesting with Basel three-zone approach for the equity portfolio. 

EQUITIES 

  HS BRW FHS HM 

250-day window 

Green zone 10 13 11 13 

Yellow zone 4 2 4 2 

Red zone 1 0 0 0 

500-day window 

Green zone 9 11 12 9 

Yellow zone 4 3 2 5 

Red zone 1 0 0 0 

TABLE A.2: Backtesting with Basel three-zone approach for the currency portfolio. 

CURRENCIES 

  HS BRW FHS HM 

250-day window 

Green zone 25 30 29 28 

Yellow zone 9 4 5 6 

Red zone 0 0 0 0 

500-day window 

Green zone 25 30 31 29 

Yellow zone 8 3 2 4 

Red zone 0 0 0 0 

TABLE A.3: Backtesting with Basel three-zone approach for the interest rate portfolio. 

INTEREST RATES 

  HS BRW FHS HM 

250-day window 

Green zone 15 19 19 17 

Yellow zone 7 4 4 5 

Red zone 1 0 0 1 

500-day window 

Green zone 15 17 20 20 

Yellow zone 6 5 2 2 

Red zone 1 0 0 0 
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TABLE A.4: Backtesting with Basel three-zone approach for the commodity portfolio. 

COMMODITIES 

  HS BRW FHS HM 

250-day window 

Green zone 16 18 18 15 

Yellow zone 3 1 1 4 

Red zone 0 0 0 0 

500-day window 

Green zone 13 17 18 13 

Yellow zone 5 1 0 4 

Red zone 0 0 0 1 

The below tables show, for each individual portfolio and estimation window sizes 250 and 500, the average 

performance of the four VaR models in the Basel three-zone approach. The values represent the average number 

of annual violations and the associated average penalty factor, according to the structure. 

TABLE A.5: Average annual violations and penalty for the equity portfolio. 

EQUITIES 

  HS BRW FHS HM 

250-day window 

Average annual violations 3.733 2.533 3.400 2.200 

Average annual penalty 0.217 0.060 0.120 0.053 

500-day window 

Average annual violations 4.214 2.643 2.643 2.786 

Average annual penalty 0.261 0.093 0.057 0.143 

TABLE A.6: Average annual violations and penalty for the currency portfolio. 

CURRENCIES 

  HS BRW FHS HM 

250-day window 

Average annual violations 3.000 2.676 2.882 2.765 

Average annual penalty 0.115 0.047 0.068 0.076 

500-day window 

Average annual violations 3.091 2.697 2.606 2.727 

Average annual penalty 0.139 0.039 0.027 0.062 
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TABLE A.7: Average annual violations and penalty for the interest rate portfolio. 

INTEREST RATES 

  HS BRW FHS HM 

250-day window 

Average annual violations 3.870 3.000 3.000 3.261 

Average annual penalty 0.213 0.083 0.093 0.148 

500-day window 

Average annual violations 3.318 3.136 2.364 2.409 

Average annual penalty 0.168 0.114 0.036 0.036 

TABLE A.8: Average annual violations and penalty for the commodity portfolio. 

COMMODITIES 

  HS BRW FHS HM 

250-day window 

Average annual violations 3.316 2.316 2.895 3.000 

Average annual penalty 0.105 0.021 0.021 0.118 

500-day window 

Average annual violations 3.222 2.556 2.611 3.111 

Average annual penalty 0.158 0.028 0.000 0.156 
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A.2.2 UNCONDITIONAL COVERAGE TEST 

The tables exhibit the number of exceptions of the four VaR methodologies with the window sizes 250 and 500 

days, evaluated on the entire return sample of each individual portfolio. The unconditional coverage test 

suggested by Kupiec (1995) specifies whether a model is accepted or rejected at a 95% confidence level. A 

rejected model is indicated by *. To the left, the table also shows the 95% (two-tailed) confidence interval, i.e. 

the range that an accepted model must lie within, and the target level of violations for a “true” 99% VaR model. 

TABLE A.9: Backtesting with unconditional coverage test for the equity portfolio. 

EQUITIES 

Target 95% CI HS BRW FHS HM 

250-day window 

39 27-51 56* 38 51 33 

500-day window 

36 25-48 59* 37 38 39 

TABLE A.10: Backtesting with unconditional coverage test for the currency portfolio. 

CURRENCIES 

Target 95% CI HS BRW FHS HM 

250-day window 

86 68-104 105* 93 100 96 

500-day window 

84 66-102 105* 91 87 93 

TABLE A.11: Backtesting with unconditional coverage test for the interest rate portfolio. 

INTEREST RATES 

Target 95% CI HS BRW FHS HM 

250-day window 

60 45-75 92* 72 72 78* 

500-day window 

58 43-72 77* 72 54 58 

TABLE A.12: Backtesting with unconditional coverage test for the commodity portfolio. 

COMMODITIES 

Target 95% CI HS BRW FHS HM 

250-day window 

50 37-63 67* 48 59 61 

500-day window 

47 35-60 61* 48 48 60 
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A.2.3 CAPITAL UTILISATION RATIO 

The below tables illustrate the capital utilisation ratio outcomes for each individual portfolio, with VaR model 

window sizes of 250 and 500 days. The first column specifies the   number of days considered for losses 

incurred after a VaR estimation, and the second column states the particular   percentile examined in the capital 

utilisation ratio distribution. A lower capital utilisation ratio represents a less extreme model failure and therefore 

a more efficient model. 

TABLE A.13: Capital utilisation ratios for the equity portfolio. 

EQUITIES 

Days Percentile HS BRW FHS HM 

250-day window 

1 99.0 1.103 0.994 1.008 1.001 

1 99.5 1.308 1.173 1.174 1.179 

10 99.0 3.259 3.111 2.948 2.993 

10 99.5 4.199 3.821 3.463 3.555 

500-day window 

1 99.0 1.200 0.966 0.965 0.970 

1 99.5 1.369 1.166 1.079 1.188 

10 99.0 3.702 3.091 2.823 2.921 

10 99.5 4.359 3.852 3.351 3.555 

TABLE A.14: Capital utilisation ratios for the currency portfolio. 

CURRENCIES 

Days Percentile HS BRW FHS HM 

250-day window 

1 99.0 1.082 1.085 1.106 1.053 

1 99.5 1.251 1.285 1.339 1.242 

10 99.0 3.500 3.433 3.924 3.388 

10 99.5 3.864 3.949 4.502 3.767 

500-day window 

1 99.0 1.065 1.066 1.094 1.025 

1 99.5 1.227 1.262 1.300 1.232 

10 99.0 3.300 3.420 3.707 3.352 

10 99.5 3.826 3.923 4.186 3.895 
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TABLE A.15: Capital utilisation ratios for the interest rate portfolio. 

INTEREST RATES 

Days Percentile HS BRW FHS HM 

250-day window 

1 99.0 1.132 1.174 1.106 1.164 

1 99.5 1.373 1.411 1.311 1.427 

10 99.0 3.704 3.643 3.673 3.742 

10 99.5 4.331 4.337 4.334 4.368 

500-day window 

1 99.0 1.102 1.110 1.054 1.073 

1 99.5 1.373 1.356 1.296 1.325 

10 99.0 3.316 3.677 3.660 3.633 

10 99.5 3.944 4.180 4.215 4.195 

TABLE A.16: Capital utilisation ratios for commoditity portfolio. 

COMMODITIES 

Days Percentile HS BRW FHS HM 

250-day window 

1 99.0 1.100 1.080 1.042 1.089 

1 99.5 1.339 1.366 1.323 1.337 

10 99.0 4.088 3.997 3.875 3.881 

10 99.5 4.576 4.523 4.357 4.538 

500-day window 

1 99.0 1.115 1.061 1.022 1.085 

1 99.5 1.329 1.352 1.247 1.295 

10 99.0 4.113 3.965 3.700 3.909 

10 99.5 4.917 4.550 4.277 4.535 

The below tables display, for each individual portfolio and model window sizes 250 and 500 days, the mean and 

standard deviation of each model’s VaR estimates.  

TABLE A.17: VaR mean and standard deviation for the equity portfolio. 

EQUITIES 

 
HS BRW FHS HM 

250-day window 

VaR mean 0.04675 0.04658 0.04569 0.04782 

VaR std. dev. 0.01996 0.02038 0.02470 0.02084 

500-day window 

VaR mean 0.04942 0.04711 0.04716 0.04655 

VaR std. dev. 0.01886 0.02061 0.02699 0.02210 
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TABLE A.18: VaR mean and standard deviation for the currency portfolio. 

CURRENCIES 

 
HS BRW FHS HM 

250-day window 

VaR mean 0.01067 0.01133 0.01133 0.01087 

VaR std. dev. 0.00266 0.00356 0.00418 0.00305 

500-day window 

VaR mean 0.01066 0.01110 0.01151 0.01061 

VaR std. dev. 0.00216 0.00339 0.00403 0.00294 

TABLE A.19: VaR mean and standard deviation for the interest rate portfolio. 

INTEREST RATES 

 
HS BRW FHS HM 

250-day window 

VaR mean 0.00431 0.00479 0.00451 0.00469 

VaR std. dev. 0.00124 0.00185 0.00192 0.00155 

500-day window 

VaR mean 0.00443 0.00461 0.00468 0.00474 

VaR std. dev. 0.00100 0.00162 0.00186 0.00150 

TABLE A.20: VaR mean and standard deviation for the commodity portfolio. 

COMMODITIES 

 
HS BRW FHS HM 

250-day window 

VaR mean 0.02819 0.03047 0.02805 0.02938 

VaR std. dev. 0.00741 0.01089 0.01052 0.00897 

500-day window 

VaR mean 0.02854 0.03023 0.02896 0.02864 

VaR std. dev. 0.00681 0.00998 0.00986 0.00795 
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