
 

 

 

 

 

 

PHD THESIS 

– RESUME –  

 

ESTIMATING VALUE AT RISK FOR 

FINANCIAL RISKS 

 

 

 

Coordinating Teacher  

Prof. univ. dr. Dorina Lazăr 

 

 

PhD student 

Andrei Rusu 

 

 

 

CLUJ-NAPOCA 

2021 

ȘCOALA DOCTORALĂ DE ȘTIINȚE  

ECONOMICE ȘI GESTIUNEA AFACERILOR  

 
 

 

Facultatea de Științe Economice și Gestiunea Afacerilor 



 ii 

ESTIMATING VALUE AT RISK FOR FINANCIAL RISKS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Key words: Value at risk, VaR, filtered historical simulation, FHS, APARCH, 

generalized Pareto distribution, GPD. 

  



 1 

Contents 

 

Introduction .................................................................................................................... 1 

Chapter 1: Value at risk – definitions and estimating methodologies ........................... 9 

1.1 Defining and quantifying risk ......................................................................... 9 

1.1.1 Risk measures for the financial domain ................................................. 10 

1.1.2 Properties of risk measures .................................................................... 12 

1.1.3 Advantages, limits and enhancements of risk measures ........................ 13 

1.2 Statistical methods for estimating value at risk ............................................. 18 

1.2.1 Nonparametric methods ......................................................................... 19 

1.2.1.1 Historical simulation ....................................................................... 19 

1.2.1.2 Methods based on nonparametric density....................................... 21 

1.2.2 Parametric methods ................................................................................ 22 

1.2.2.1 ARCH-GARCH volatility methods ................................................ 23 

1.2.2.2 Realized volatility methods ............................................................ 29 

1.2.2.3 Density functions for financial returns ........................................... 37 

1.2.2.4 Higher order conditional moments (time-varying) ......................... 41 

1.2.3 Semi-parametric methods ...................................................................... 42 

1.2.3.1 Historical simulation with weighted volatility ............................... 42 

1.2.3.2 Filtered historical simulation .......................................................... 43 

1.2.3.3 CAViaR Model ............................................................................... 44 

1.2.3.4 Extreme Value Theory methods ..................................................... 45 

1.2.3.5 Monte Carlo simulation .................................................................. 47 

1.3 VaR – Back testing methods ......................................................................... 48 

Chapter 2: Univariate methods for VaR estimation: stock indexes applications ......... 56 

2.1 Research objectives ....................................................................................... 56 

2.2 Filtered historical simulation and APARCH model ...................................... 58 

2.3 Empirical study: back testing of Filtered historical simulation ..................... 64 

2.3.1 The data sample ..................................................................................... 64 

2.3.2 Comparative empirical results regarding models’ accuracy .................. 67 

2.4 Conclusions ................................................................................................... 73 

Chapter 3: Portfolio value at risk: a multivariate approach ......................................... 76 



 2 

3.1 The study objectives ...................................................................................... 76 

3.2 Portfolio VaR – Statistical methodology ...................................................... 77 

3.2.1 Literature review .................................................................................... 77 

3.2.2 Multivariate models DCC-GARCH and aDCC-GARCH ...................... 79 

3.3 Empirical study: multivariate GARCH models performance ....................... 85 

3.3.1 Characteristics of the data sample .......................................................... 85 

3.3.2 Empirical results: measuring VaR accuracy for a stock portfolio ......... 89 

3.4 Conclusions ................................................................................................. 100 

Chapter 4: Extreme Value Theory and Quantile Regression approaches .................. 103 

4.1 Research objectives ..................................................................................... 103 

4.2 The literature review ................................................................................... 104 

4.3 Research methodology: extreme value theory elements and the quantile 

regression ............................................................................................................... 106 

4.4 Empirical study: EVT models and quantile regression accuracy ................ 110 

4.4.1 Data set description .............................................................................. 110 

4.4.2 Empirical results: VaR estimation accuracy ........................................ 113 

4.5 Conclusions ................................................................................................. 124 

Chapter 5: Value at Risk – high frequency data applications .................................... 125 

5.1 Motivation and objectives ........................................................................... 125 

5.2 Liquidity adjusted VaR estimation .............................................................. 126 

5.2.1 Data set and methodology description ................................................. 126 

5.2.1.1 The data ........................................................................................ 126 

5.2.1.2 Research methodology ................................................................. 127 

5.2.2 Empirical results .................................................................................. 130 

5.3 Incorporating volatility in VaR estimation .................................................. 132 

5.3.1 Statistical methodology description ..................................................... 133 

5.3.2 Empirical results .................................................................................. 135 

5.4 VaR estimation for BET index .................................................................... 137 

5.4.1 Data set and methodology description ................................................. 138 

5.4.2 Empirical results .................................................................................. 141 

5.5 Conclusions ................................................................................................. 141 

General conclusions and future research directions ................................................... 143 

References………………………………………………………………………… 148  



 3 

Contents of the Resume 
 

 

 

Introduction .................................................................................................................... 4 

Chapter 1 – Resume ..................................................................................................... 11 

Chapter 2 – Resume ..................................................................................................... 15 

Chapter 3 – Resume ..................................................................................................... 18 

Chapter 4 – Resume ..................................................................................................... 22 

Chapter 5 – Resume ..................................................................................................... 27 

General conclusions and future research directions ..................................................... 30 

References .................................................................................................................... 34 

 

  



 4 

Introduction  
 

 

 

The financial environment is formed from set of entities that interact constantly. 

These entities are companies, investors, financial markets and regulators. Companies 

are traders that offer for consumption various products and / or services in order to 

maximize their profits. Investors are natural or legal persons who have financial 

resources and invest capital in order to obtain positive returns and thus maximize their 

earnings. Financial markets are the places where all transactions take place, the 

"meeting place" of the financial environment participants, while the supervisory 

authorities are the ones who establish the regulations and policies on the basis of 

which all the activity on the financial markets is carried out. 

Every participant at the financial environment aims to obtain and maximize profits, in 

case of traders, and to obtain maximum returns in the case of investors. However, the 

financial environment is characterized by a certain degree of uncertainty and, often in 

financial markets, the gain of one entity is associated with the loss of another. Due to 

this uncertainty, there are certain risks that every  participant should consider, such as: 

credit risk, market risk, liquidity risk, exchange rate risk and other types of risk. The 

greatest impact is given by the extreme risks associated with financial crises, which 

have a high degree of uncertainty. 

In some cases, however, a higher risk is also a possibility to obtain higher gains. 

Every financial asset on the market has a certain degree of risk, and the decision to 

invest can be made based on return to risk ratio, on the one hand, but also taking into 

account the risk aversion shown by every participant in the financial market, on the 

other hand. A conservative investor will generally be satisfied with lower returns as 

long as the risks are kept to a minimum, while an aggressive investor will seek higher 

returns by implicitly taking on a higher degree of risk. 

In general, risks are produced by unexpected events, classified by Malevergne and 

Sornette (2006) into three categories: the first category refers to random events that 

can be quantified and modeled by known probability laws; the second category 

includes stochastic events that can be partially modeled in terms of known probability 

laws, and the third category includes all purely random events, which are surprises 
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and / or have been considered impossible until the moment they actually happened. 

Peng et al. (2011) classify financial risks in credit risk - the probability that a 

counterparty will not return the amounts owed to the creditor, investment risk - given 

by the probability that the investment will not generate returns (this may include 

market risk and interest rate risk), business risk - which includes all the factors that 

can affect the smooth running of a trader, and operational risk - risks generated by 

human error or other errors in the daily processes carried out at the level of an 

economic entity.  

Due to the evolution of financial markets and the increasing complexity of traded 

instruments and products, the risks associated with certain events have also acquired a 

high variety and complexity. Given the two aspects, it is very important for an entity 

operating in the financial environment to quantify its risks in an adequate manner. It is 

not enough to just be aware of them, but also to select a mathematical model through 

which they can be properly evaluated. 

Classical methods do not provide satisfactory results in modeling risks with a high 

degree of complexity, especially in periods of financial instability. In view of this, 

methods that take into account both the characteristics of the risks and the nature of 

the data are needed. The financial returns series do not have a normal distribution, 

often showing features such as excessive kurtosis, fat tails and heteroskedasticity or 

left skewness. Therefore, specific methods are needed that take these characteristics 

into account so that the results have a sufficiently high degree of accuracy. 

Among the statistical measures for financial risks, volatility, value at risk (VaR) and 

expected loss (ES) can be found in literature. In the current paper, VaR measure is 

mainly analyzed, as it is relatively easy to understand in comparison to ES and it has a 

higher complexity than the volatility. Also, in order to obtain consistent estimators for 

value at risk, a smaller volume of data is required than in the case of expected loss, the 

latter being estimated on the values found in the tail of the distribution. Every measure 

has its own advantages and disadvantages, but there are sufficient ways in which the 

advantages can be emphasized and the disadvantages removed or at least diminished. 

The VaR measure was attractive due to its simplicity and due to the fact that there are 

many ways in which its disadvantages can be treated. Alexander (2008) highlights the 

main elements that make this measure attractive: (i) VaR corresponds to an amount of 
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money that can be lost with a certain probability, (ii) it measures the risk associated 

with each factor and their sensitivity, (iii) it can be compared across several markets, 

for various exposure levels, (iv) it is a universal measure that can be applied to any 

type of risk, in various fields, (v) it can be measured at any level, starting from a stock 

or a portfolio of financial assets up to a value associated with an entire company that 

includes all of its risks, and (vi) when VaR is aggregated or decomposed, it takes into 

account the dependencies between components. 

In literature there is a relatively large number of methodologies through which value 

at risk can be estimated. They are found in the nonparametric area, in the purely 

parametric area as well as in the semi-parametric sphere. Every VaR methodology has 

its own advantages and disadvantages when it comes to anticipating future risks. The 

field of research on VaR measure remains attractive due to the multiple possibilities - 

some really complex - to estimate it and, at the same time, to the simplicity of its 

understanding and interpretation. Abad et al. (2014) present a compendium of existing 

methodologies, a study that can be updated. Recent papers such as Babat et al. (2017) 

propose portfolio optimization techniques based on VaR, or Mohammadi and Nazemi 

(2020) which propose a VaR approach that considers replacing portfolio selection 

models with linear programming problems as well as the use of neural networks. 

The approach of this paper focuses on modeling financial risks using various methods 

of estimating VaR. Although there is a lot of research on this topic that aims to model 

volatility and measure the accuracy of VaR estimation methods, the studies focus only 

on certain aspects of such methods. Also, due to the changes that continuously 

influence the financial environment, the study of the proposed topics remains relevant. 

Thus, a first objective of this paper is to highlight the measures of quantifying 

financial risk together with the presentation of their advantages and limitations, and to 

present a brief description of the of risk estimation methods proposed in the literature, 

with emphasis on the hypotheses which the development of every group of methods 

was based.  

This literature review facilitated the selection of methods proposed for use in the 

empirical studies, developed in the following chapters. The methods proposed in the 

empirical analyses take into account the specific characteristics of financial returns: 

heteroskedasticity - successfully captured by ARCH / GARCH family models on both 
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univariate and multivariate levels, fat tails - which can be modeled with extreme value 

theory techniques and quantile regression, asymmetric information - taken into 

account by APARCH-type specifications at the univariate level or by the asymmetric 

conditional correlation at the multivariate level, and the correlation between the 

returns of the financial assets of a portfolio - incorporated in the multivariate 

conditional correlation. 

The main objective of this paper is to identify approaches in estimating VaR that have 

a high degree of accuracy, when used for various data sets. The main purpose was to 

contribute to the existing literature by combining techniques such as filtered historical 

simulation, asymmetric models for volatility and elements of extreme value theory, 

each modeling specific aspects of  the financial returns series. The empirical results 

obtained proved to be satisfactory in terms of accuracy, when compared with those 

resulting from many other models found in the literature. The accuracy degree of the 

used approaches was assessed using the following methods: failure rate, Lopez's 

quadratic loss function (1999), the unconditional coverage test introduced by Kupiec 

(1995), the conditional coverage test proposed by Christoffersen (1998), the dynamic 

quantile test developed by Engle and Manganelli (2004) and the loss function of 

Gonzalez-Rivera et al. (2004). 

The added value of this thesis consists in some novelty elements briefly described in 

the following paragraphs and also in the sections dedicated to the research objectives 

and conclusions of each chapter. A first contribution is given by the use of filtered 

historical simulation (Barone-Adesi et al., 1999) combined with an APARCH model 

(Ding et al., 1993) used to estimate value at risk for a set of 14 international stock 

market indices. The results of this approach proved its efficiency as well as its high 

degree of accuracy in forecasting value at risk. 

The next contribution to the literature is the use of filtered historical simulation in 

combination with volatility models from multivariate ARCH-GARCH families. This 

methodology was applied on a portfolio of 11 financial assets from Bucharest Stock 

Exchange. The models that take into account the informational asymmetry at 

multivariate level, and also having a high degree of accuracy, were noted as 

appropriate. 
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The third contribution element is the use of a methodology that combines the 

generalized Pareto distribution, the APARCH model and the rolling window method. 

This approach was applied to a data set consisting of 20 stock indices collected from 

international markets of all types (developed, emerging and frontier). The results 

indicate a high degree of accuracy, as well as the fact that the use of the rolling 

window method contributes to an increase in accuracy levels. 

Another contribution of this paper is given by the VaR estimation for high frequency 

data – intraday type. Most researches proposing the use of VaR measure for market 

risk management are performed on daily data due to unavailability or difficulties in 

obtaining high frequency data. 

The research of these methods has been and continues to be attractive due to the fact 

that the results, although highly accurate, can be further improved. Another element 

that makes this research attractive is the practical applicability of the techniques 

presented in the following chapters. They can be used in both academic and 

professional environment for statistical modeling of risks and to anticipate potential 

losses. 

The paper is structured in five chapters, each addressing a specific topic, preceded by 

the introduction, and it ends with a section dedicated to the conclusions and future 

directions of research. This structure was selected in order to highlight the large 

number of approaches that can be used in VaR estimation and also to deepen specific 

topics such as VaR obtained by filtered historical simulation, multivariate VaR, value 

at risk obtained by techniques from extreme value theory and VaR related to intraday 

data. 

The first chapter analyzes the main risk measures, focusing on the value at risk. In the 

first section, financial risk is defined according to the literature and the main ways in 

which it can be quantified are presented: volatility, value at risk and expected 

shortfall. Also in this section, the properties which a coherent risk measure must have 

- according to Artzner et al. (1999), and the section ends with the description of the 

advantages and disadvantages of risk measures. The second section contains 

comprehensive information on statistical methods and models used in literature to 

estimate value at risk. Non-parametric methods, purely parametric methods and semi-
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parametric methods are analyzed in detail in the paper. The last section is dedicated to 

value risk back testing methodologies. 

In the second chapter, the emphasis was on determining the value at risk in the 

univariate case. The proposed methodology consists in using the four stages of the 

filtered historical simulation (FHS) together with an APARCH type model for the 

volatility series. The APARCH model is one of the most suitable for financial returns 

due to the fact that it takes into account asymmetric information and because it 

incorporates as sub-models families such as GARCH, GJR-GARCH, but also others. 

The first section of this chapter presents the research objectives and highlights the 

elements of originality. The second section includes the methodologies used in order 

to estimate VaR (two pure parametric, two from the field of extreme value theory and 

two based on filtered historical simulation) as well as the description of back testing 

methods. The following section presents the data sample, which contains 14 

international stock market indices, and shows the results obtained from applying the 

proposed methods, among which the FHS-APARCH is highlighted. The chapter ends 

with the conclusions’ section. 

The third chapter is dedicated to the study of value at risk in a multivariate 

framework. The first section of this chapter includes the objectives of studying the 

multivariate value at risk, while highlighting the chapter’s specific elements of 

originality. The second section presents the results of several similar studies as well as 

a brief description of the ten approaches used in the empirical study (the Riskmetrics 

approach, a method that uses higher order moments, four models from multivariate 

GARCH families and four models based on filtered historical simulation). A method 

of method of risk decomposition (Mina and Xiao, 2001) for every individual portfolio 

component is also presented. The empirical section describes the data sample - a 

portfolio of 11 assets from BSE - and presents the empirical results of the back testing 

methods as well as the risk decomposition technique into individual risk components. 

The chapter ends with a section dedicated to the conclusions and final remarks. 

Chapter 4 focuses on estimating value at risk using methodologies from extreme value 

theory (EVT). The first section contains the research objectives of this chapter (VaR 

study by methods within EVT framework). The second section contains a short 

review of studies that used value at risk in combination with elements of extreme 
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value theory. The 12 VaR estimation methods are briefly presented, one being the 

Riskmetrics approach, six use EVT, and five use quantile regression techniques. The 

latter were selected for comparative purposes. The empirical section describes the 

data sample - a set of 20 international stock indices - and presents the back testing 

results, highlighting the GPD-APARCH-skew model estimated with the rolling 

window method, and then the conclusions are presented in the last section. 

The fifth chapter includes case studies regarding the application of VaR 

methodologies on high frequency data (intraday), collected from the Romanian 

financial market. The first section contains a brief presentation of studies containing 

methodologies specific to high frequency data - mainly - methods based on realized 

volatility. Each of the following three sections include a case study conducted using 

different specific methods and data sets. The first case study was conducted on a set 

of 12 companies from Bucharest Stock Exchange and it includes six VaR methods: a 

historical method,  a parametric method (classical Riskmetrics approach), a Monte 

Carlo version of the parametric method, a Riskmetrics approach that uses realized 

volatility and its Monte Carlo version, as well as the approach proposed by     

Francois-Heude and Van Wynendaele (2001) which takes into account the liquidity 

based on the BID-ASK spread. By taking liquidity into account, more accurate results 

have been obtained. The second case study considers the same data set, but other risk 

estimation methods were used, one specific to intraday data (based on an ARFIMA 

model), and the other applicable after aggregating the data at daily frequency (filtered 

historical simulation with an APARCH model). Both generated satisfactory results. In 

the third case study, four VaR models (Riskmetrics with realized volatility and its 

Monte Carlo version, an ARFIMA model and filtered historical simulation) were 

tested on the intraday series of the BET index. The filtered historical simulation was 

highlighted. 

This paper ends with a section dedicated to the general conclusions and future 

research directions, followed by the bibliographic references section and the 

appendixes section, respectively. 
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Chapter 1 – Resume 
 

 

Due to the fact that the financial environment is characterized by a certain level of 

uncertainty, it implies certain risks. It is necessary for a financial environment 

participant to quantify the risk adequately in order to ensure its profitability or to 

minimize its losses. 

According to Danielsson (2011), a measure of risk is a mathematical method by 

which risk is quantified. According to the same author, the most commonly used 

measures for quantifying financial risks are volatility, Expected Shortfall (ES) and 

Value at risk (VaR). 

Volatility is one of the most accessible measures of risk due to its simplicity. It can be 

easily expressed by the standard deviation of financial returns: 

 𝜎 =  𝐸  𝑅𝑡 − 𝜇 2  
 

where 𝜇 = 𝐸 𝑅𝑡  and  E() denotes the average value or the expected value. 

According to Habart-Corlosquet et al. (2013), value at risk (VaR) measures the largest 

loss an entity expects, given a certain time horizon, under normal market conditions, 

at a certain level of confidence. This measure quantifies the level of  risks specific to a 

company or a portfolio, in a certain time horizon. To define this measure 

mathematically, we will consider a random variable L, representing a financial loss as 

well as a confidence level 𝛼 𝜖  0; 1 . Then, the VaRα corresponding to a certain 

underlying asset, at the confidence level α, is given by the lowest number l for which 

the probability that the loss L exceeds the value l, is not higher than 1 - α. This version 

of defining VaR is similar to the one found in Habart-Corlosquet et al. (2013): 

 
𝑉𝑎𝑅𝛼 = 𝑖𝑛𝑓 𝑙 𝜖 ℝ:𝑃𝑟 𝐿 > 𝑙 ≤ 1 − 𝛼   

Expected Shortfall will be defined in a similar approach to the one found in 

Danielsson (2011): if L is a variable that represents a potential loss of a financial asset 

or a portfolio of financial assets, and VaRα(L) is the value at risk of the variable L for 

the confidence threshold α, then the expected loss of L is given by the following 

conditional average: 
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 𝐸𝑆𝛼(𝐿) = 𝐸 𝐿|𝐿 ≥ 𝑉𝑎𝑅𝛼(𝐿)   

This measure quantifies the expected value of the loss conditional on exceeding VaR, 

practically, the value recorded by the variable L in cases where the value 𝑉𝑎𝑅𝛼(𝐿) is 

exceeded. 

Value at Risk is a measure that enjoys a high degree of popularity in both business 

and academic environment, due to its simplicity and applicability and to the many 

methods by which it can be estimated. 

A detailed classification of value at risk estimation methodologies can be found in 

Abad et al. (2014). They can be divided into non-parametric, parametric and semi-

parametric methods.  

Figure 1.1 – Value at risk (1%) via historical simulation for an empirical distribution 

 

Source: own generation in R environment 

 

The first category includes historical simulation and estimation methods based on 

non-parametric density. One of the simplest ways to determine the value at risk is 

historical simulation. This consists in the direct extraction of VaR from the 

distribution of returns, as exemplified in Figure 1.1. 
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The second category of methods is a comprehensive one encompassing              

ARCH-GARCH type models, realized volatility models, density functions and      

time-varying conditional higher order moments. Due to the large number of 

parametric methods, only the APARCH model introduced by Ding et al. (1993) is 

presented in this resume. In its simplified form, APARCH (1,1), has the following 

equation: 

 𝜎𝑡
𝛿 =  𝜔 + 𝛼1  휀𝑡−1 − 𝛾1 휀𝑡−1 

𝛿 + 𝛽1𝜎𝑡−1
𝛿   

Where: 

 𝜎𝑡
𝛿  , 𝜎𝑡−1

𝛿  represents the measure of volatility at time t and t-1 respectively; 

 𝜔, 𝛼1, 𝛽1, 𝛾1, 𝛿  are the parameters to be estimated; 

 휀𝑡−1 represents the error in the mean equation at time t-1; 

This model has the advantage of incorporating other classes of models for specific 

values of the parameters 𝛿 and 𝛾1. Thus, this model can be transformed into a simple 

GARCH if 𝛿 = 2 and 𝛾1 = 0, into TS-GARCH for 𝛿 = 1 and 𝛾1 = 0, into           

GJR-GARCH if 𝛿 = 2 and 0 ≤ 𝛾1 ≤ 1, into NGARCH for 𝛾1 = 0 and in TGARCH 

when 𝛿 = 1 and 0 ≤ 𝛾1 ≤ 1  (Bollerslev, 2010). Due to its usefulness, this model has 

been used repeatedly and in various combinations in this paper. 

The semi-parametric methods include volatility-weighted historical simulation, 

filtered historical simulation, autoregressive conditional VaR models (CAViaR) 

proposed by Engle and Manganelli (2004), methods from extreme value theory, and 

methods based on Monte Carlo simulation method.  

One of the semi-parametric methods used in this paper is the filtered historical 

simulation proposed by Barone-Adesi et al. (1999) and it consists in combining 

historical simulation with volatility modeling. This method is applied according to the 

following steps: 

1) Let there be a series of financial returns 𝑟𝑡  for which conditional volatility 

is estimated. The authors exemplify the method using a GARCH(1,1) 

model. 

2) After determining the volatility series, the series of normalized residuals is 

calculated by dividing them with the volatility for the coresponding period: 
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 𝑧𝑡 =
휀𝑡

 𝜎𝑡
2
  

where: 

 휀𝑡  represents the estimation error in an AR type model;; 

 𝑧𝑡   are standardized residual values from an AR type model;; 

 𝜎𝑡
2 is the volatility obtained in step 1. 

3) Bootstrap simulations are performed on the series constructed in the 

second step, thus obtaining a sample for the distribution of 𝑧𝑡 ; 

4) The empirical distribution of the simulated returns is determined. Their 

shape is given by: 

 𝑟𝑡 = 𝜇𝑡 + 𝑧∗𝜎𝑡+1 (1.1)  

where: 

 𝑟𝑡  represents the returns; 

 𝜎𝑡+1 is the forecasted variation for the next period; 

 z  is the bootstrap distribution obtained in the previous step. 

Value at risk is obtained by extracting the quantile at the chosen confidence threshold 

α, from the simulated distribution of 𝑟𝑡 . With the help of filtered historical simulation, 

results of increased accuracy were obtained at both univariate and multivariate level. 

In order to test the accuracy of VaR, methods such as failure rate, the quadratic loss 

function introduced by Lopez (1999), Kupiec's unconditional coverage test (1995), the 

conditional coverage test proposed by Christoffersen (1998), the dynamic quantum 

test of Engle and Manganelli (2004), the loss function introduced by Gonzalez-Rivera 

et al. (2004) were used in this paper.  
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Chapter 2 – Resume 
 

 

 

In this chapter, the research objectives are to analyze the accuracy of several risk 

quantification methods using the VaR measures, from the parametric and semi-

parametric family of methods, for financial time series that show the daily evolution 

of a set of stock market indices. The study highlights the following aspects: 

 Proposes the use of a combination of filtered historical simulation 

(FHS) and the APARCH model introduced by Ding et al. (1993) for 

modeling the dynamics of volatility, an approach less used in literature, 

but which, leads to high accuracy results, as it will be shown in this 

chapter; 

 Covers several geographical areas and various types of financial 

markets (developed, emerging and border); 

 It captures both, periods of financial stability and periods of instability 

such as the financial crisis that began in 2007-2008. 

 Evaluates the accuracy of the selected methods for a set of stock 

indices that contain the most representative assets for the capital 

market of the selected countries. 

A set of 14 international stock market indices from 14 financial markets with different 

degrees of development were selected. For every index, the data were collected from 

January 1, 2006 to July 31, 2016, obtaining an average number of 2643 days per 

index. 

The value at risk was estimated using 6 methods: the first two use the filtered 

historical simulation in combination with an APARCH (1,1) and GARCH (1,1) 

models. The following 2 models use the extreme value theory for estimating VaR. 

One approach uses the generalized Pareto distribution and VaR is determined from 

the following equation (Marimoutou et al., 2009): 
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𝑉𝑎𝑅𝛼 = 𝑢 +

𝜎

𝜉
  

𝑛

𝑁𝑢

 1 − 𝛼  

−𝜉

− 1  

 

where : 

 u represents the selection threshold of financial returns;; 

 𝜎 is the scale parameter of the generalized Pareto distribution; 

 𝜉 is the shape parameter of the generalized Pareto distribution;  

 n represents the number of observations; 

 𝑁𝑢  denotes the number of observations above the threshold u; 

 𝛼 represents the confidence level at which VaR is calculated. 

The following method of estimating VaR is a Monte Carlo version of the previous 

one. The last 2 methods come from the parametric sphere and consist in the use of an 

APARCH model (1,1) and a GARCH (1,1) model respectively, for estimating 

volatility and its integration in the VaR calculation: 

 
𝑉𝑎𝑅𝛼 = 𝜇 + 𝑧𝛼

∗𝜎   

Three tests were used in order to evaluate the accuracy of the methods: failure rate, 

quadratic loss function (Lopez, 1999) and Kupiec's unconditional coverage test 

(1995). A VaR model is considered adequate from the perspective of the failure rate, 

if it records a value as close as possible to the threshold α; according to the quadratic 

loss function, its value must be as small as possible and the p-value related to the 

unconditional coverage test must be as large as possible. 

From the used methods, the combination of filtered historical simulation and 

APARCH model (FHS-APARCH) was the most accurate, the results being presented 

in the table below. 

Table 2.4 –FHS-APARCH accuracy 

Index FR QLF LR Stat P-val 

BET 1.1480% 0.0114827 0.350 0.554 

SPX 0.6623% 0.0066229 2.173 0.140 

CAC 0.8792% 0.0087945 0.262 0.609 

ATX 1.0487% 0.0104887 0.038 0.845 
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BUX 1.0989% 0.0109914 0.157 0.692 

FTSEMIB 1.0695% 0.0107006 0.080 0.777 

IBEX 1.0018% 0.0100237 0.000 0.994 

RTSI 0.8637% 0.0086434 0.319 0.572 

WIG 1.0322% 0.0103239 0.017 0.896 

DSM 1.2099% 0.0121006 0.690 0.406 

IBX 0.9299% 0.0093003 0.082 0.775 

NKY 1.3810% 0.0138153 2.088 0.148 

KOSPI 0.5549% 0.0055490 3.870 0.049 

SET100 0.8233% 0.0082338 0.530 0.467 

Source: own computations in R environment 

Note:  

FR = Failure rate; 

QLF = average value of the quadratic loss function; 

LR state = unconditional coverage test statistics; 

P- val = probability associated with the unconditional coverage test. 

 

The used method takes into account the information asymmetry found in the financial 

returns series and the results indicate a sufficiently high accuracy. 

The purpose of the study presented in this chapter was to compare several methods for 

estimating VaR measure, taking into account a set of stock indices from a variety of 

capital markets, during 2006-2016. As the results indicate, by filtered historical 

simulation high-accuracy VaR measures were obtained in all markets regardless of 

their type (developed, emerging or frontier). Another important aspect to note is that 

taking information asymmetry into account (by using an asymmetric model for 

volatility - APARCH (1,1)) leads to an increase in forecasts’ accuracy. 
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Chapter 3 – Resume 
 

 

 

This chapter is dedicated to estimating VaR for an asset portfolio, in a multivariate 

approach. Its objectives are: 

a) comparing the accuracy of several VaR estimation methods for a portfolio of 

financial assets. The variance-covariance matrix of the individual asset returns will be 

considered both, constant and time-varying; 

b) decomposition of portfolio risk into components, in order to obtain the contribution 

of every financial asset to the total portfolio risk. 

In the study developed in this chapter, it is proposed an approach that makes use of 

dynamic conditional correlation in asymmetric form and combines this method with 

filtered historical simulation, a combination applied with the rolling window method. 

This approach was implemented for a portfolio stocks on the Romanian market, which 

according to the FTSE Russell classification (September 2019), is considered a 

frontier market. The dataset contains information on 11 stocks listed on the Bucharest 

Stock Exchange (BVB) between 2014-07-08 and 2019-10-04, thus resulting in a 

series of 1319 daily returns for every financial asset. 

In order to estimate the value at risk, ten methods were selected: the first six are 

parametric methods, and the last four come from the semi-parametric sphere. The first 

method is based on the portfolio theory or Riskmetrics methodology (Morgan, 1996), 

which is based on the assumption of normality of financial returns’ distribution. The 

second method is based on the approach proposed by Favre and Galeano (2002), 

which determines the value at risk using a Cornish-Fisher type expansion. The authors 

called it "Modified value at risk ".  

The following four methods were selected from the parametric sphere and they are 

built on the idea of letting the variance-covariance matrix vary over time, instead of 

assuming that it is constant. They are based on families of multivariate GARCH 

models, using the dynamic conditional correlation (DCC) introduced by Engle and 

Sheppard (2001) and the asymmetric dynamic conditional correlation (aDCC), as 

found in Capiello et al. (2006). The GARCH - Bollerslev (1986) - and APARCH - 
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Ding et al. (1993) specifications in combination with the DCC and aDCC methods 

were used. 

The last four models are based on a semi-parametric technique. They use a 

combination of the aforementioned multivariate methods, DCC and aDCC, 

respectively and filtered historical simulation (FHS) introduced by Barone-Adesi et al. 

(1999) which was described in the previous sections. 

To make back testing possible, all the above mentioned methods were applied using 

the rolling window method. Given that the sample had a length of 1319 trading days, 

the length of the window was selected at 500 days, thus remaining with a test sample 

of 819 days. In the approaches that use FHS, the bootstrap window length was set at 

300 observations. 

In order to assess the accuracy of VaR models, the following five methods were used: 

failure rate, Kupiec’s unconditional coverage test (1995), Christoffersen's (1998) 

conditional coverage test, dynamic quantile test introduced by Engle and Manganelli 

(2004) and the average value of the loss function as found in Gonzalez-Rivera et. al 

(2004). A model is considered appropriate if the failure rate is as close as possible to 

the significance threshold at which the VaR was estimated (in this case 1%). 

According to the 3 tests, the model is adequate if the p-value is above the null 

hypothesis rejection limit (H0: the model predicts VaR correctly), and according to 

the loss function, the best model is the one with the lowest loss value. Their results 

can be found in the table below. 

Table 3.4 – Back testing results  

Model Fail_rate UC_Pval CC_Pval DQ_Pval Loss 

Riskmetrics 1.829% 0.03245 0.07675 0.05993 0.00043494 

Modified VaR  0.244% 0.00910 0.03316 0.29167 0.00054135 

GARCH-DCC 1.220% 0.54137 0.73336 0.00270 0.00036479 

GARCH-aDCC 1.098% 0.78221 0.87092 0.92204 0.00036143 

APARCH-DCC 1.585% 0.12059 0.24305 0.00008 0.00035742 

APARCH-aDCC 1.220% 0.54137 0.73336 0.78223 0.00034940 

FHS-GARCH-DCC 0.854% 0.66573 0.85756 0.98442 0.00043263 

FHS-GARCH-aDCC 0.854% 0.66573 0.85756 0.97139 0.00042622 
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FHS-APARCH-DCC 0.732% 0.41746 0.68866 0.88348 0.00042632 

FHS-APARCH-aDCC 0.854% 0.66573 0.85756 0.98356 0.00043407 

Source: own computations in R environment 

 
Note: Fail_rate = failure rate; 

LRuc_Pval = P-value from the unconditional coverage test (Kupiec, 1995); 

LRcc_Pval = P-value from the conditional coverage test (Christoffersen, 1998); 

DQ_Pval = P-value from the dynamic quantum test (Engle and Manganelli, 2004); 

Loss = value of the loss function (Gonzalez-Rivera et al., 2004); 

 

The best models are those that use a GARCH model for univariate series and that take 

information asymmetry into account at a multivariate level (aDCC). From the FHS 

model category, the GARCH-aDCC specification records the lowest loss value. 

Figue 3.2 – Risk contribution according to FHS-GARCH-aDCC 

 

Source: own generation in R environment 

The risk value of the portfolio was decomposed using the incremental VaR 

methodology found in Mina and Xiao (2001). Given the way in which the rolling  

window method was used, it was possible to obtain the contribution of every asset to 
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the total portfolio risk, on a daily basis, starting with observation 501. The values of 

the individual contributions to portfolio risk for the FHS-GARCH-aDCC method are 

shown in Figure 3.2. 

The techniques presented in this chapter may be useful to portfolio managers and 

financial institutions for risk management as well as to regulatory authorities for 

setting market risk policies and other regulations. 
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Chapter 4 – Resume 
 

 

 

The VaR measure is a quantile value, therefore it is important to model the tail of the 

profitability distribution. Extreme value theory focuses precisely on the behavior of 

the tails of a distribution, therefore providing adequate statistical tools for risk 

estimation and prediction. Daníelsson et al. (2012) point out the fact that the value at 

risk tends to violate the property of sub-additivity in fewer cases if semi-parametric 

methods combined with elements of extreme value theory are used in the estimation 

process. This aspect is specific to the tail region of the distribution of financial 

returns. Several studies in the literature use methods from the extreme value theory 

(EVT) to estimate VaR. 

Chen and Yu (2020) apply EVT techniques in combination with the APARCH model 

in order to estimate VaR. Compared to their study, in this chapter an improvement of 

the research methodology is proposed: 

a) the rolling window method is used, which allows a more adequate assessment 

of the methods’ accuracy; 

b) the data set includes 20 stock market indices from developed, emerging and 

frontier markets; 

c) in addition to the methods that combine the generalized Pareto distribution 

with GARCH / APARCH type models, five quantile regression models are 

included in the comparative analysis (four of them being the specifications of 

the CAViaR model introduced by Engle and Manganelli, 2004); 

d) several test procedures were used. 

The dataset contains daily financial returns for 20 international stock indices, 

collected from 01-01-2006 to 2019-09-30. The observation period is approximately 13 

years and it includes both stable periods and also periods of economic instability. 

In this chapter, the value at risk was estimated using 12 models. The first is the one 

proposed by Morgan (1996), also known as the "Riskmetrics Method". This was 

implemented using the rolling window method. Every window has a length of 1000 

observations, the first one containing the observations from 1 to 1000. Value at risk is 
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estimated using the information from the first 1000 days. Then the window is moved 

one step forward (including all records from 2 to 1001) and the calculation is redone. 

The process is repeated until the last financial return in the series is reached. In this 

way, a sample of over 1000 observations is available for back testing (this is different 

for every index, depending on the length of the individual series). Due to its 

popularity and simplicity, the VaR model estimated using the Riskmetrics approach 

was selected as a reference model. 

The following three models are based on the method proposed by McNeil and Frey 

(2000). This approach combines elements of extreme value theory ('peaks over 

threshold') with conditional volatility models. First, a model from the GARCH family 

is applied on the of financial returns series, thus obtaining standardized residual 

values. At the next step, the parameters of a generalized Pareto distribution (GPD) are 

estimated using the data in the tail of the previously obtained residual distribution. 

Value at risk is Obtained from the following equation (Marimoutou et al., 2009): 

 
𝑉𝑎𝑅𝛼 = 𝑢 +

𝜎

𝜉
  

𝑛

𝑁𝑢

 1 − 𝛼  

−𝜉

− 1  
(4.2) 

where: 

 u represents the threshold that delimits the tail of the financial returns 

distribution;; 

 𝜎 is the scale parameter of the generalized Pareto distribution; 

 𝜉 is the shape parameter of the generalized Pareto distribution; 

 𝑛 represents the sample size; 

 𝑁𝑢  is sample size above threshold u; 

 𝛼 represents the significance level selected for VaR estimation. 

The approach based on the generalized Pareto distribution (GPD) is combined with 

several models from the GARCH family, as follows: a simple GARCH (1,1), an 

APARCH model proposed by Ding et al. (1993), estimated starting from the 

normality assumption and an APARCH model based on the assumption of an 

asymmetric normal distribution, thus resulting in three VaR models. 
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Unlike the classic methods encountered in the literature, in this chapter, the three 

approaches mentioned (GPD + GARCH / APARCH / APARCH skewed) are 

implemented using the rolling window method (GPD + GARCH / APARCH / 

APARCH skewed + rolling window). For every model, value at risk is estimated 

according to equation (4.2). The length of the window was set at 1000 observations. 

The last models are based on quantile regression approaches. The first model 

represents a simple quantile regression. The other models were estimated using the 

four specifications of the CAViaR model introduced by Engle and Manganelli 

(2004)..  

In order to evaluate the performance of the above presented VaR models, a battery of 

five tests was used: the failure rate, the unconditional coverage test proposed by 

Kupiec (1995), the unconditional coverage test introduced by Christoffersen (1998), 

the dynamic quantile test proposed by Engle and Manganelli (2004) and the loss 

function of Gonzalez-Rivera et al. (2004).  

The empirical results are included in the following table only for the GPD-APARCH 

model applied using the sliding windows method - the one based on asymmetric 

normality. 

Table 4.4 – Back testing VaR accuracy (selection) 

GPD-APARCH 

skew roll 
Fail_rate LRuc_Pval LRcc_Pval DQ_Pval Loss 

BET 1.02% 0.911 0.082 0.014 0.0004 

SPX 1.10% 0.629 0.000 0.000 0.0003 

SPTSX60 0.98% 0.919 0.784 0.217 0.0002 

DAX 0.97% 0.860 0.779 0.087 0.0004 

UKX 1.05% 0.799 0.008 0.000 0.0003 

CAC 1.19% 0.347 0.431 0.002 0.0004 

ATX 0.95% 0.820 0.004 0.000 0.0004 

BUX 1.03% 0.882 0.523 0.472 0.0004 

FTSEMIB 1.09% 0.672 0.680 0.072 0.0005 

IBEX 0.76% 0.203 0.385 0.657 0.0004 

RTSI 0.87% 0.498 0.317 0.082 0.0006 
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WIG 0.98% 0.938 0.006 0.000 0.0003 

DSM 1.07% 0.744 0.091 0.003 0.0004 

IBX 0.83% 0.403 0.261 0.141 0.0004 

SHSZ300 0.98% 0.930 0.793 0.757 0.0005 

NKY 0.97% 0.889 0.005 0.000 0.0005 

KOSPI 0.88% 0.533 0.684 0.533 0.0003 

SET100 0.72% 0.152 0.317 0.558 0.0003 

SASEIDX 1.21% 0.361 0.007 0.000 0.0004 

SMI 1.06% 0.761 0.008 0.000 0.0003 

Source: own computations in R environment 

 
Note: Fail_rate = failure rate; 

LRuc_Pval = P-value from the unconditional coverage test (Kupiec, 1995); 

LRcc_Pval = P-value from the conditional coverage test (Christoffersen, 1998); 

DQ_Pval = P-value from the dynamic quantum test (Engle and Manganelli, 2004); 

Loss = value of the loss function (Gonzalez-Rivera et al., 2004); 

The extension "skew" next to the model name indicates the use of the asymmetric normal 

distribution in the estimation process; 

The "roll" extension next to the model name indicates the use of the rolling window method. 

Similar to the results obtained by Chen and Yu (2020), the GPD-APARCH model has 

a good performance when applied to the 20 stock indices from markets with various 

degrees of development. The threshold u, which delimits the tail of the distribution, 

was chosen using the empirical quantile value of 99% for all distributions, for all 

models. 

In this chapter, the GPD-APARCH approach has been improved with the rolling 

window method and compared with its original form. Also, in the present study, the 

GPD-APARCH model was estimated using the assumption of a normal asymmetric 

distribution and it was compared with other types of models, such as quantile 

regression and CAViaR models, respectively.  

Another major difference between the two studies is the data set used. Chen and Yu 

(2020) used the HIS futures index (Hong Kong), during 2006-2012. In the current 

study, a longer time period (2006-2019) was considered, and the sample contains 20 

stock indices from several international markets. The study presented in this chapter 

backs up the results obtained by Chen and Yu (2020), when analyzing the accuracy of 

VaR estimation on the capital markets. 
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As showed by the obtained empirical results, the GPD-APARCH model, applied 

using the rolling window method and estimated under the assumption of asymmetric 

normality, is one of the most accurate, having a performance at least as good as the 

CAViaR-SAV approach, in forecasting VaR.  
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Chapter 5 – Resume 
 

 

 

This chapter is dedicated to VaR estimation methods for intraday data. Some of these 

techniques are specific to high frequency data, and others require prior aggregation of 

data to daily frequency. 

The current chapter contains three case studies conducted on 2 sets of high frequency 

data (intraday). The first set consists of 12 companies listed on the Bucharest Stock 

Exchange, whose quotations were collected during July 5, 2010 - June 28, 2013, 

between 10:00 and 17:00. A database containing 689,809 observations was 

constructed. The data was grouped in 2-week time intervals. The second data set is 

identical to the one used  in the first case study, the grouping of data being done in a 

similar way. Periods of 2 weeks were considered, but in this case, the last period was 

used to assess the accuracy. The third dataset contained the intraday values of the 

BET index from 04.01.2010 to 31.12.2016, resulting in a series of 454640 

observations.  

In the first case study, six methods were used to determine VaR: a simple historical 

simulation, a simple parametric method (based on normal distribution), a parametric 

method based on realized volatility, a Monte Carlo method, the Monte Carlo method 

combined with realized volatility and a liquidity-adjusted VaR method. The accuracy 

of the methods was tested using the failure rate and the quadratic loss function 

(Lopez, 1999). Table 5.1 shows the failure rate for the 6 methods. 

Table 5.1 – Failure rate; Liquidity adjusted VaR 

Stock Hist Param Param RV MC MC RV Liq Ajd VaR 

BIO 3.90% 5.19% 5.19% 3.90% 5.19% 2.60% 

BRD 3.90% 5.19% 2.60% 2.60% 1.30% 0.00% 

BRK 0.00% 0.00% 1.30% 0.00% 0.00% 5.19% 

BVB 2.60% 3.90% 2.60% 1.30% 1.30% 0.00% 

SIF1 3.90% 7.79% 1.30% 2.60% 0.00% 0.00% 

SIF2 1.30% 3.90% 1.30% 1.30% 0.00% 0.00% 

SIF3 5.19% 1.30% 0.00% 1.30% 0.00% 0.00% 

SIF4 3.90% 6.49% 1.30% 1.30% 0.00% 0.00% 
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SIF5 11.69% 11.69% 3.90% 7.79% 1.30% 0.00% 

SNP 3.90% 10.39% 1.30% 6.49% 1.30% 0.00% 

TEL 2.60% 3.90% 3.90% 2.60% 2.60% 0.00% 

TLV 9.09% 12.99% 11.69% 7.79% 9.09% 0.00% 

Source: own computations in R and Excel environments 

 

The second case study uses 2 methods applied to the same data set (as in the first case 

study). One of these uses an ARFIMA model specific to intraday data, and the other 

uses an APARCH model for the volatility series. Both are subsequently integrated 

into a filtered historical simulation procedure. The results of the failure rate for the 

FHS-APARCH method is shown in Table 5.4. 

Table 5.4 – Failure rate; FHS-APARCH 

Symbol/Day 1 2 3 4 5 6 7 8 9 10 

BIO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

BRD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

BRK 0.00 0.63 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

BVB 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

SIF1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

SIF2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

SIF3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

SIF4 0.00 0.00 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.00 

SIF5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

SNP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

TEL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

TLV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 88.84 

Source: own computations in R and Excel environments 

 

Four models of VaR estimation are used in the third empirical study. The first is a 

deviation from the classical parametric model, which assumes that the distribution of 

financial assets returns is normal. The difference is that the volatility of returns was 

estimated using the realized volatility. The second is a Monte Carlo version of the 

first method. Methods 3 and 4 use filtered historical simulation combined with the 

ARFIMA and APARCH techniques in a manner similar to the one found in the 

second case study.  
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The accuracy of the models was tested using three techniques: the failure rate, the 

quadratic loss function (Lopez, 1999) and the unconditional coverage test (Kupiec, 

1995). The results of these procedures are shown in Table 5.7. 

Table 5.7 – VaR back testing results; BET index 

Model Fail Rate QLF 
Unconditional coverage 

LR Stat P-val 

FHS-APARCH 1.2113% 0.012117 0.314 0.575 

FHS-ARFIMA 1.8843% 0.018847 4.658 0.031 

Param-RV-MC 1.4805% 0.014808 1.509 0.219 

Param-RV 6.4603% 0.064613 100.245 0.000 

Source: own computations in R environment 

 

As the results show, taking the liquidity of financial assets into account leads to more 

accurate estimates of value at risk. The use of realized volatility also leads to good 

results, but not to those expected. In this case, the use of more advanced measures is 

recommended such as the ones found in Barndorff-Nielsen and Shephard (2004).. 

Another method that stood out for its increased accuracy is filtered historical 

simulation. This method has proven to be accurate in both case studies in which it has 

been used. 

The limits of the empirical studies in this chapter are mainly given by the 

insufficiency of the data and by the impossibility of updating the database. Another 

limitation of these applications is the insufficient number of back testing methods for 

the VaR measures. In order to increase the quality of assessments, with the exception 

of the third case study, it is recommended to add additional back testing procedures to 

measure the accuracy of VaR. 
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General conclusions and future research directions 
 

 

 

The present paper was focused on the identification of useful approaches in estimating 

the VaR measure, approaches that lead to results with a high degree of accuracy, 

starting from specific characteristics of financial data. Empirical studies were 

conducted using several data sets, on both the international capital markets and on the 

Romanian market. Daily and intraday data types were considered. Given the 

characteristics of financial returns, in this paper, the proposed VaR measures take into 

account aspects such as: heteroskedasticity, fat tails, asymmetric information, 

dynamic correlation between returns of an asset portfolio, serial correlation of 

quantile values and liquidity of financial assets. At a general level, it has been 

observed that the measures which take into account the previously mentioned 

characteristics have a higher degree of accuracy. 

In the univariate empirical analysis, six VaR estimation methodologies were applied, 

for a set of 14 stock indices, relevant for various international markets, over a period 

of approximately 10 years. Developed, emerging and frontier markets were included 

in the study. Two of the methods were purely parametric, using GARCH and 

APARCH volatility models, the following were based on the filtered historical 

simulation (FHS) in combination with the two volatility models mentioned above, and 

the last two used a generalized Pareto distribution - in a parametric version, 

respectively in a Monte Carlo simulation approach. The highest accuracy was 

obtained by the FHS-APARCH model, which was tested using the failure rate, 

Lopez's quadratic loss function and Kupiec's unconditional coverage test. It has been 

observed that taking into account the asymmetry from financial returns series leads to 

more accurate forecasts. The VaR predictions determined on the basis of the 

APARCH model were more accurate than those based on a GARCH type 

specification. 

This paper also exemplifies estimation of value at risk methods for a portfolio of 

financial assets. 10 multivariate VaR models were selected and applied on a portfolio 

of 11 securities from the Bucharest Stock Exchange. Most models are based on 

multivariate GARCH approaches or combinations of these with filtered historical 
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simulation (FHS). The best model was obtained by using a FHS-based method, which 

was combined with an asymmetric dynamic conditional correlation model (a 

multivariate GARCH which takes into account the asymmetry). Again, it is confirmed 

that the accuracy of risk forecasts is higher when the methods used are well adapted to 

the characteristics of financial returns. We propose the use of this approach for other 

financial assets portfolios in future researches. The accuracy of the models was tested 

using the following methods: the failure rate, Kupiec's unconditional coverage test, 

the conditional coverage test proposed by Christoffersen, the dynamic quantile test 

introduced by Engle and Manganelli, and the loss function proposed by Gonzalez-

Rivera et al. Also, for value at risk estimated for a portfolio, the risk  decomposition 

was possible. This was done with the incremental VaR method, therefore making it 

possible to observe the riskier assets in the portfolio and adjust every weight 

according to the needs and risk aversion of the investor. 

The empirical results from the study developed in Chapter 4 are robust from the 

perspective of the data set, the analyzed estimation methods and the financial returns 

characteristics which were incorporated in the estimation methodology. The dataset 

contained 20 international stock market indices, and covers a period of over 12 years. 

12 VaR estimation methods from the extreme value theory and from the quantile 

regression sphere were applied. The VaR estimation methodology that distinguished 

itself through superior accuracy consists of a combination of the generalized Pareto 

distribution (GPD), the APARCH model (estimated based on the asymmetric normal 

probability distribution) and their application in a rolling window approach. An 

advantage of this method is given by the fact that the tail of the financial returns 

distribution is modeled directly and its asymmetry is also taken into account. The 

APARCH model also incorporates the heteroskedasticity present in the series of 

financial returns. High accuracy forecasts were also obtained with some quantile 

regression models, and the model proposed in this paper, GPD-APARCH skew 

applied with the rolling window method obtains similar results in terms of accuracy as 

the CAViaR models (based on quantile regression). The data covers a variety of 

financial markets: developed, advanced emerging, secondary emerging, and frontier, 

according to the FTSE Russell classification. 
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This paper also includes applications for intraday data. One of the data sets considered 

in the study consisted of 12 assets from Bucharest Stock Exchange - intraday data. 

The VaR measure was estimated on this set, using both classical and specific methods 

for high frequency data. Higher accuracy was recorded for measures based on realized 

volatility and for a VaR measure that takes liquidity into account. The major 

limitation in this study was the small size of the data set, and the impossibility of 

updating it due to data unavailability. However, it has been observed that liquidity has 

a strong influence on the accuracy of VaR measures and it is recommended to test 

these measures on a larger sample of high frequency data. 

When estimating VaR for the intraday return series of the BET index, among the 

analyzed estimation methods, a VaR method based on an ARFIMA model, applied 

directly to intraday data, and a combination of filtered historical simulation and an 

APARCH model (applied after data aggregation at a daily frequency) were noted. 

Similar to the previous case, the major limit is given by the data insufficiency. The 

time series covers a long period of time, but the analysis was conducted only on the 

BET index, due to the unavailability of other data series. The accuracy of the models 

was assessed by the failure rate, Lopez's quadratic loss function, and Kupiec's 

unconditional coverage test. 

One limit of the empirical studies conducted in this paper is given by the limited 

availability of data for the Romanian capital market, especially intraday data. The 

portfolio of financial assets considered in Chapter 3 could also be expanded in a 

future research. The accuracy of VaR estimation methods was analyzed only for 

capital market data. Possible future research directions would be to apply the methods 

of estimating value at risk, identified in this paper as being the most appropriate, for 

data on oil markets, commodity markets, exchange rates and even on digital currency 

markets. Another direction for extending the research would be the application of 

VaR techniques on composite indices, as in this paper only stock indices containing 

the most liquid assestes were considered. At the same time, research can be directed 

to the study of other risk measures, such as Expected Shortfall (ES) or even to the use 

of both measures, VaR and ES, in order to have different perspectives in risk 

measurement. 
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One of the key aspects to be taken into account in statistical modeling is the correct 

highlighting of data characteristics. If this aspect is neglected, the results will be poor 

in terms of quality and, at the same time, inaccurate. In the case of financial returns, it 

is necessary to take into account heteroskedasticity - by using ARCH-GARCH family 

models, asymmetric information - the models proposed in this paper take into account 

this feature, as well as fat tails. This last aspect, if not treated properly, can lead to 

biased results and even to risk underestimation. Some methods used, such as those 

from extreme value theory, model the tail of the distribution directly. Given the above 

arguments, it can be noted that classical methods of risk quantification (such as the 

Riskmetrics approach) are not adequate for financial returns. Precisely for this reason, 

it is recommended to use methods that have a higher degree of complexity and take 

into account as many aspects of the financial returns series as possible. 

In the current paper the methodology based on filtered historical simulation in 

combination with an asymmetric model used for volatility was repeatedly highlighted, 

at both the univariate (FHS-APARCH) and the multivariate levels (FHS-GARCH-

aDCC). The combination of the generalized Pareto distribution, the APARCH model 

(estimated based on the asymmetric normal probability distribution) and the rolling 

windo method was also highlighted. All these techniques have a relatively high degree 

of accuracy in the process of forecasting value at risk. 

An important aspect of this paper is the applicability of the presented methods. These 

methodologies can be useful for both individual investors and companies who want to 

manage their risk by anticipating their potential losses. Some methods are applicable 

to individual financial assets, while others can be used to assess and decompose the 

portfolio risk. VaR estimation techniques can also be used to adjust or establish the 

risk policies of entities operating in the field of financial markets, they can be used by 

banks in order (but not limited) to establish their risk appetite, but they are also useful, 

to regulators. The latter could use VaR estimation methods for the simulations 

performed to set and/or impose limits or restrictions for the financial market 

participants. 

  



 34 

References 
 

 

 

1. Abad, P., Benito, S., Lopez, C., (2014), A comprehensive review of Value at Risk 

methodologies, The Spanish Review of Financial Economics, 12 (1), p. 15-32. 

 

2. Al Janabi, M. A. M.,  Ferrer, R., Shahzad, S.J.H., (2019), Liquidity-adjusted value-at-risk 

optimization of a multi-asset portfolio using a vine copula approach, Physica A, 536, Articolul  

Nr. 122579. Disponibil online la: https://doi.org/10.1016/j.physa.2019.122579, accesat în 

08.02.2020. 

 

3. Alexander, C., (2008), Market Risk Analysis Vol 4: Value-at-Risk models, Chichester: John 

Wiley & Sons Ltd, The Atrium, Southern Gate. 

 

4. Andersen, T.G., Bollerslev, T., (1997), Intraday periodicity and volatility persistence in 

financial markets, Journal of Empirical Finance, 4 (2-3), p. 115-158. 

 

5. Andersen, T.G., Benzoni, L., (2009), Realized volatility, în Andersen, T., Davis, R., Kreiß, J., 

Mikosch, T. (eds), Handbook of Financial Time Series, New York: Springer. 

 

6. Andersen, T.G., Bollerslev, T., Diebold, F., Ebens, H., (2001a), The distribution of realized 

stock returns volatility, Journal of Financial Economics, 61 (1), p. 43-76. 

 

7. Andersen, T.G., Bollerslev, T., Diebold, F.X., Labys, P., (2001b), The distribution of realized 

exchange rate volatility, Journal of the American Statistical Association, 96 (453), p. 42-52. 

 

8. Andersen, T.G., Bollerslev, T., Diebold, F.X., Labys, P., (2003), Modeling and forecasting 

realized volatility, Econometrica, 71 (2), p. 579-625. 

 

9. Artzner, P., Delbaen, F., Eber, J.M., Heath, D., (1999), Coherent measures of risk, 

Mathematical Finance, 9 (3), p. 203-228. 

 

10. Asai, M., McAleer, M., Medeiros, M., (2011), Asymmetry and Leverage in Realized 

Volatility, SSRN, disponibil la: http://ssrn.com/abstract=1464350 sau 

http://dx.doi.org/10.2139/ssrn.1464350, accesat în 06.09.2016. 

 

11. Babat, O., Vera, J.C., Zuloaga, L.F., (2017), Computing near-optimal Value-at-Risk portfolios 

using Integer Programming techniques, European Journal of Operational Research, 226 (1), 

p. 304-315. 

 

12. Baillie, R.T., Bollerslev, T., Mikkelsen, H.O., (1996), Fractionally integrated generalized 

autoregressive conditional heteroskedasticity, Journal of Econometrics, 74 (1), p. 3-30. 

 

13. Bali, T.G., Mo, H., Tang, Y., (2008), The role of autoregressive conditional skewness and 

kurtosis in the estimation of conditional VaR, Journal of Banking & Finance, 32 (2), p. 269-

282. 

 

14. Bams, D., Blanchard, G. Lehnert T., (2017), Volatility measures and value-at-risk, 

International Journal of Forecasting, 33 (4), p.848-863. 

 

15. Banihashemi, S., Navidi, S., (2017), Portfolio performance evaluation in Mean-CVaR 

framework: A comparison with non-parametric methods value at risk in Mean-VaR analysis, 

Operations Research Prespective,  4, 21-28. 
 

16. Barndorff-Nielsen, O.E., (1977), Exponentially decreasing distributions for the logarithm of 

particle size, Proceedings Royal Society London, Series A, 353, p. 401- 419. 
 

https://doi.org/10.1016/j.physa.2019.122579


 35 

 

17. Barndorff-Nielsen, O.E., Shephard, N., (2003), Realized Power Variation and Stochastic 

Volatility Models, Bernouli, 9 (2), p. 243-265. 

 

18. Barndorff-Nielsen, O.E., Shephard, N., (2004), Power and bipower variation with stochastic 

volatility and jumps, Journal of Financial Econometrics, 2 (1), p. 1-37. 

 

19. Barone-Adesi, G., Giannopoulos, K., Vosper, L., (1999), VaR without correlations for 

portfolios of derivative securities, Journal of Futures Markets, 19 (5), p. 583-602. 

 

20. Bayer, S., (2018), Combining value-at-risk forecasts using penalized quantile regressions, 

Econometrics and Statistics, 8, p. 56-77. 

 

21. Bollerslev, T., (1986), Generalized autoregressive heteroskedasticity, Journal of 

Econometrics, 31 (3), p. 307-327. 

 

22. Bollerslev, T., (1987), A conditionally heteroskedastic time series model for speculative prices 

and rates of return, The Review of Economics and Statistics, 69 (3), p. 542-547. 

 

23. Bollerslev, T., (2010), Glossary to ARCH (GARCH), în: Bollerslev, T., Russell, J.R., Watson, 

M.W. (eds.), Volatility and time series econometrics: Essays in honor of Robert F. Engle, 

New York: Oxford University Press. 

 

24. Bollerslev, T., Gibson, M., Zhou, H., (2011), Dynamics estimation of volatility risk premia 

and investor risk aversion from option-implied and realized volatilities, Journal of 

Econometrics, 160 (1), p. 235-245. 

 

25. Bollerslev, T., Mikkelsen, H.O., (1996),  Modeling and Pricing Long Memory in Stock 

Market Volatility, Journal of Econometrics, 73 (1), p. 151-184. 

 

26. Boudt, K., Peterson, B., Croux, C., (2008), Estimation and decomposition of downside risk for 

portfolios with non-normal returns, Journal of Risk, 11 (2), p. 79-103. 

 

27. Brooks, C., Clare, A.D., Dalle Molle, J.W., Persand, G., (2005), A comparison of extreme 

value theory approaches for determining value at risk, Journal of Empirical Finance, 12 (2), p. 

339-352. 

 

28. Brownlees, C., Gallo, G., (2010), Comparison of volatility measures: a risk management 

perspective, Journal of Financial Econometrics, 8 (1), p. 29-56. 

 

29. Cappiello, L., Engle, R.F., Sheppard, K., (2006), Asymmetric dynamics in the correlations of 

global equity and bond returns, Journal of Financial Econometrics, 4 (4), p. 537-572. 

 

30. Chen, X., Ghysels, E., (2011), News – good or bad – and its impact on volatility predictions 

over multiple horizons, The Review of Financial Studies, 24 (1), p. 46–81. 

 

31. Chen, Y., Yu, W., (2020), Setting the Margins of Hang Seng Index Futures on Different 

Positions using an APARCH-GPD Model based on Extreme Value Theory. Physica A: 

Statistical Mechanics and its Applications, 544, articolul nr. 123207. 

 

32. Christoffersen, P., (1998), Evaluating interval forecasts, International Economic Review, 39 

(4), p. 841-862. 

 

33. Clements, M.P., Galvao, A.B., Kim, J.H., (2008), Quantile forecasts of daily exchange rate 

returns from forecasts of realized volatility, Journal of Empirical Finance 15 (4), p. 729-750. 

 

34. Corsi, F., (2004), A Simple Long Memory Model of Realized Volatility, disponibil online la: 

 https://papers.ssrn.com/sol3/papers.cfm?abstract_id=626064, accesat în 20.09.2020 

 

https://onlinelibrary.wiley.com/doi/10.1002/%28SICI%291096-9934%28199908%2919%3A5%3C583%3A%3AAID-FUT5%3E3.0.CO%3B2-S
https://www.risk.net/journal-of-risk/2160992/estimation-and-decomposition-of-downside-risk-for-portfolios-with-non-normal-returns
https://www.risk.net/journal-of-risk/2160992/estimation-and-decomposition-of-downside-risk-for-portfolios-with-non-normal-returns
https://www.risk.net/journal-of-risk/volume-11-number-2-december-2008


 36 

35. Corsi, F., (2009), A simple approximate long memory model of realized volatility, Journal of 

financial econometrics, 7 (2), p. 174-196. 

 

36. Danielsson, J., (2011), Financial risk forecasting: The Theory and Practice of Forecasting 

Market Risk with Implementation in R and Matlab, Chichester: John Wiley & Sons Ltd. 

 

37. Danielsson, J., De Vries, C.G., (2000), Value-at-Risk and Extreme Returns, Annales 

d'Économie et de Statistique, 60, p. 239-270. 

 

38. Danielsson, J., Jorgensen, B.N., Samorodnitsky, G., Sarma, M., de Vries, C.G., (2012), Fat 

tails, VaR and subadditivity, Journal of Econometrics, 172 (2), p. 283-291. 

 

39. Dimitrios P. L., Spyros X.-S., Apostolos P. R. (2011), Are realized volatility models good 

candidates for alternative Value at Risk prediction strategies?, disponibil on-line la: 

https://mpra.ub.uni-muenchen.de/30364/, accesat la 27/06/2015. 

 

40. Ding, Z., Granger, C.W.J., Engle, R.F., (1993), A long memory property of stockmarket 

returns and a new model, Journal of Empirical Finance, 1 (1), p. 83-106. 

 

41. Dowd, K., (2002), Measuring Market Risk, Chichester: John Wiley & Sons. 

 

42. Embrechts, P., Klüppelberg, C., Mikosch, T., (1997), Modelling Extremal Events for 

Insurance and Finance, Berlin: Springer-Verlag. 

 

43. Embrechts, P., Resnick, S., Samorodnitsky, G., (1999), Extreme value theory as a risk 

management tool, North American Actuarial Journal, 3 (2), p. 30-41. 

 

44. Engle, R.F., (1982), Autoregressive, conditional heteroskedasticity with estimates of the 

variance of United Kingdom inflation, Econometrica, 50 (4), p. 987-1007. 

 

45. Engle, R.F., Manganelli, S., (2004), CaViaR: conditional autoregressive value at risk by 

regression quantiles, Journal of Business and Economic Statistics, 22 (4), p. 367-381. 

 

46. Engle, R.F., Sheppard, K., (2001), Theoretical and empirical properties of dynamic 

conditional correlation multivariate GARCH. NBER Working Paper, disponibil online la 

https://www.nber.org/papers/w8554.pdf, accesat în 07.02.2020. 

 

47. Ergün A.T., Jun, J., (2010), Time-varying higher-order conditional moments and forecasting 

intraday VaR and Expected Shortfall, The Quarterly Review of Economics and Finance, 50 

(3), p. 264-272. 

 

48. Favre, L., Galeano, J., (2002), Mean-Modified Value-at-Risk Optimization with Hedge Funds, 

Journal of Alternative Investment, 5 (2), p. 21-25. 

 

49. Ferreira, M.A., Lopez, J.A., (2005), Evaluating Interest Rate Covariance Models Within a 

Value-at-Risk Framework, Journal of Financial Econometrics, 3 (1), p. 126-168. 

 

50. Fong Chan, K., Grey, P., (2006), Using extreme value theory to measure value-at risk for daily 

electricity spot prices, International Journal of Forecasting, 22 (2), p. 283-300. 

 

51. Forbes, K., Rigobon, R., (2001) Measuring Contagion: Conceptual and Empirical Issues, în: 

Claessens S., Forbes K.J. (eds), International Financial Contagion. Boston MA: Springer.  

 

52. Forsberg, L., Ghysels, E., (2007), Why Do Absolute Returns Predict Volatility So Well?, 

Journal of Financial Econometrics, 5 (1), p. 31-67. 

 

53. Francois-Heude, A., Van Wynendaele, P., (2001), Integrating liquidity risk in a parametric 

intraday VaR framework, University of Perpignan, disponibil online la:  

https://www.nber.org/papers/w8554.pdf


 37 

https://www.researchgate.net/publication/244097447_Integrating_Liquidity_Risk_in_a_Param

etric_Intraday_VaR_Framework, accesat în 09.03.2016. 

 

54. Gençay, R., Selçuk, F., (2004), Extreme value theory and Value-at-Risk: Relative 

performance in emerging markets, International Journal of Forecasting, 20 (2), p. 287-303. 

 

55. Gençay, R., Selçuk, F., Ulugülyağci, A., (2003),  High volatility, thick tails and extreme value 

theory in value-at-risk estimation, Insurance: Mathematics and Economics, 33 (2), p. 337-356. 

56. Ghysels, E., Santa-Clara, P., Valkanov, R., (2006), Predicting volatility: getting the most out 

of return data sampled at different frequencies, Journal of Econometrics, 131 (1-2), p. 59–95. 

 

57. Ghysels, E., Sinko A., Valkanov, R., (2007): MIDAS Regressions: Further Results and New 

Directions, Econometric Reviews, 26 (1), p. 53-90 

 

58. Giot, P., Laurent, S., (2004), Modeling daily value-at-risk using realized volatility and ARCH 

typemodels, Journal of Empirical Finance, 11 (3), p. 379-398. 

 

59. Glasserman, P., (2005), Measuring marginal risk contributions in credit portfolios, Journal of 

Computational Finance, 9 (2), p. 1-41. 

 

60. Glasserman, P., Li, J., (2005), Importance sampling for portfolio credit risk, Management 

Science,  51 (11), p. 1643–1656 

 

61. Glosten, L., Jagannathan, R., Runke, D., (1993), Relationship between the expected value and 

the volatility of the nominal excess return on stocks, Journal of Finance, 48 (5), p. 1779-1801. 
 

62. Gonzalez-Rivera, G., Lee, T.-H., Mishra, S., (2004), Forecasting Volatility: A Reality Check 

Based on Option Pricing, Utility Function, Value-at-Risk, and Predictive Likelihood, 

International Journal of Forecasting, 20 (4), p. 629-645. 

 

63. Habart-Corlosquet, M., Janssen, J., Manca, R., (2013), VaR Methodology for Non-Gaussian 

Finance, London: Wiley-ISTE Ltd. 

 

64. Hafner, C. M., Preminger, A., (2010), Deciding between GARCH and stochastic volatility via 

strong decision rules,  Journal of Statistical Planning and Inference, 140 (3), p. 791-805. 
 

65. Halkos, G.E., Tsirivis, A. S., (2019), Value-at-risk methodologies for effective energy 

portfolio risk management, Economic Analysis and Policy, 62, p. 197-212. 
 

66. Hallerbach, W. G., (2002), Decomposing Portfolio Value-at-Risk: A General Analysis,  

Journal of Risk, 5 (2), p. 1-18. 

 

67. Hansen, B.E., (1994), Autoregressive Conditional Density Estimation, International Economic 

Review, 35 (3), p. 705-730. 

 

68. Haugom, E., Rey, R., Ullrich, C. J., Veka, S., Westgaard, S., (2016), A parsimonious quantile 

regression model to forecast day-ahead value-at-risk, Finance Research Letters, 16, p. 196-

207. 

 

69. Hendricks, D., (1996), Evaluation of Value-at-Risk Models Using Historical Data, Economic 

Policy Review, 2 (1), p. 39-70. 

 

70. Higgins, M.L., Bera, A.K., (1992), A Class of Nonlinear ARCH Models, International 

Economic Review, 33 (1), p. 137-158. 

 

71. Hill, B.M., (1975), A simple general approach to inference about the tail of a distribution, The 

Annals of Statistics, 3 (5), p. 1163-1174. 

 

72. Holton, G.A., (2003), Value-at-Risk Theory and Practice, London: Academic Press. 



 38 

 

73. Huang, C.-K., North, D., Zewotir, T., (2017), Exchangeability, extreme returns and value-at-

risk forecasts, Physica A, 477, p. 204-216. 

 

74. Hull, J., White, A., (1998), Incorporating volatility updating into the historical simulation 

method for value-at-risk, Journal of Risk, 1 (1), p. 5-19. 

 

75. Jain, S., Chakrabarty, S.P., (2020), Does Marginal VaR Lead to Improved Performance of 

Managed Portfolios: A Study of S&P BSE 100 and S&P BSE 200, Asia-Pacific Financial 

Markets, 27 (2), p. 291-323.  

 

76. Jang, B.-G., Park, S., (2016), Ambiguity and Optimal Portfolio Choice with Value-at-Risk 

Constraint, Finance Research Letters, 18, p. 158-176. 

 

77. Kellner, R., Rösch, D., (2016), Quantifying market risk with Value-at-Risk or Expected 

Shortfall? – Consequences for capital requirements and model risk, Journal of Economic 

Dynamics and Control,  68, p. 45-63. 

 

78. Koenker, R., (2005), Quantile Regression, New York: Cambridge University Press. 

 

79. Krause, J., Paolella, M.S., (2014), A Fast, Accurate Method for Value-at-Risk and Expected 

Shortfall, Econometrics, 2 (2), p. 98-122;  disponibil  online la: 

https://doi.org/10.3390/econometrics2020098 accesat în 10-03-2020. 

 

80. Kuester, K., Mittnik, S., Paolella, M., (2006), Value-at-risk prediction: a comparison of 

alternative strategies, Journal of Financial Econometrics, 4 (1), p. 53-89. 

 

81. Kupiec, P.H., (1995), Techniques for verifying the accuracy of risk measurement models, 

Journal of Derivatives, 3 (2), p. 73-84. 

 

82. Laporta, A.G., Merlo, L., Petrella, L., (2018), Selection of value at risk models for energy 

commodities, Energy Economics, 74, p. 628-643. 

 

83. Lazăr, D., (2011), Econometrie Financiară, Cluj-Napoca: Casa Cărții de Știință. 

 

84. Le, T.H., (2020), Forecasting value at risk and expected shortfall with mixed data sampling, 

International Journal of Forecasting, 36 (4), p. 1362-1379. 

 

85. Lin, P.-C., Ko, P.-C., (2009), Portfolio value-at-risk forecasting with GA-based extreme value 

theory, Expert Systems with Applications, 36 (2), p. 2503-2512. 
 

86. Liu, G., Wei, Y., Chen, Y., Yu, J., Hu, Y., (2018), Forecasting the value-at-risk of Chinese 

stock market using the HARQ model and extreme value theory, Physica A: Statistical 

Mechanics and its Applications, 499, p. 288-297. 

 

87. Lopez, J.A., (1999), Methods for evaluating Value-at-Risk estimates, Federal Reserve Bank of 

San Francisco Economic Review, 2, p. 3-17. 

 

88. Lu, X.F., Lai, K.K., Liang, L., (2014), Portfolio value-at-risk estimation in energy futures 

markets with time-varying copula-GARCH model, Annals of Operation Research, 219, p. 

333-357. 

 

89. Malevergne, Y.,  Sornette, D., (2006), Extreme Financial Risks - From Dependence to Risk 

Management, Berli: Springer-Verlag. 

 

90. Marimoutou, V., Raggad, B., Trabelsi, A., (2009), Extreme value theory and value at risk: 

application to oil market, Energy Economics, 31 (4), p. 519-530. 

 

https://www.sciencedirect.com/science/journal/01651889
https://www.sciencedirect.com/science/journal/01651889
https://www.sciencedirect.com/science/journal/01651889/68/supp/C


 39 

91. Martellini, L., Ziemann, V., (2010), Improved Estimates of Higher-Order Comoments and 

Implications for Portfolio Selection, The Review of Financial Studies, 23 (4), p. 1467-1502. 

 

92. Martens, M., Dijk, D., Pooter, M., (2009), Forecasting S&P 500 volatility: Long memory, 

level shifts, leverage effects, day of the week seasonality and macroeconomic announcements, 

International Journal of Forecasting, 25 (2), p. 282-303. 

 

93. Martin, R.D., Arora, R., (2017), Inefficiency and bias of modified value-at-risk and expected 

shortfall, Journal of Risk, 19 (6), p. 59-84. 

 

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

via the Generalized t Distribution, Econometric Theory, 4 (3), p. 428-457. 

 

95. McNeil, A.J., (1998), Calculating Quantile Risk Measures for Financial Return Series using 

Extreme Value Theory, disponibil online la:  

https://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.395.5389, accesat în 10.11.2020. 

 

96. McNeil, A.J., Frey, R., (2000), Estimation of tail-related risk measures for heteroscedastic 

financial time series: an extreme value approach, Journal of Empirical finance, 7 (3-4), p. 

271-300. 

 

97. McNeil, A.J., Frey, R., Embrechts, P., (2005), Quantitative Risk Management, Princeton: 

Princeton University Press. 

 

98. Meraklı, M., Küçükyavuz, S., (2018), Vector-valued multivariate conditional value-at-risk, 

Operations Research Letters, 46 (3), p. 300-305. 

 

99. Merton, R.C., (1980), On estimating the expected return on the market: An exploratory 

investigation, Journal of Financial Economics, 8 (4), p. 323-361. 

 
100. Mina, J., Xiao, J.Y., (2001), Return to RiskMetrics: The Evolution of a Standard. New York, 

disponibil online la: https://www.msci.com/documents/10199/dbb975aa-5dc2-4441-aa2d-

ae34ab5f0945, accesat în 07.02.2020. 

 

101. Mohammadi, S.,  Nazemi, A., (2020), On portfolio management with value at risk and 

uncertain returns via an artificial neural network scheme, Cognitive Systems Research,  59, p. 

247-263. 

 

102. Morgan, J.P., (1996), Riskmetrics Technical Document, 4th ed., New York: J.P. Morgan. 

 

103. Nelson, D.B., (1991), Conditional heteroskedasticity in asset returns: A new approach, 

Econometrica, 59 (2), p. 347-370. 

 

104. Peng, Y., Wang, G., Kou, G., Shi, Y., (2011), An empirical study of classification algorithm 

evaluation for financial risk prediction, Applied Soft Computing, 11 (2), p. 2906-2915. 

 

105. Polanski, A., Stoja, E., (2010), Incorporating higher moments into value-at-risk 

forecasting, Journal of Forecasting, 29 (6), p. 523-535. 

 

106. Pong, S., Shakelton, M., Taylor, S., Xu, X., (2004), Forecasting currency volatility: a 

comparison of implied volatilities and AR(FI)MA models, Journal of Banking & Finance, 28 

(10), p. 2541-2563. 

 

107. Rau-Bredow, H., (2004), Value at Risk, Expected Shortfall, and Marginal Risk Contribution, 

în Szego, G. (eds), Risk Measures for the 21st Century,  Chichester: John Wiley and Sons Ltd. 

 

108. Rusu, A., (2018), Assessing the power of VaR: new empirical evidence, International Journal 

of Financial Markets and Derivatives, 6 (4), p.321-334. 

https://www.inderscience.com/info/inarticle.php?artid=97520 

 

https://www.msci.com/documents/10199/dbb975aa-5dc2-4441-aa2d-ae34ab5f0945
https://www.msci.com/documents/10199/dbb975aa-5dc2-4441-aa2d-ae34ab5f0945
https://www.inderscience.com/info/inarticle.php?artid=97520


 40 

109.  Rusu, A., (2020), Multivariate VaR: A Romanian Market study, The Review of Finance and 

Banking, 12 (1), p. 79-95. http://rfb.ase.ro/vol12-june2020.asp. 

 

110.  Rusu, A., (2020), Rolling window VaR: An EVT Approach, Virgil Madgearu Review Of 

Economic Studies and Research, 13 (2), p. 147-168. 

https://econ.ubbcluj.ro/rvm/numere/nr132.php 

 

111. Sarma, M., Thomas, S., Shah, A., (2003), Selection of Value‐at‐Risk models, Journal of 

Forecasting, 22 (4), p. 337-358. 

 

112. Schaumburg, J., (2012), Predicting extreme value at risk: Nonparametric quantile regression 

with refinements from extreme value theory, Computational Statistics and Data Analysis, 56 

(12), p. 4081-4096. 

 

113. Schwert, G.W., (1989), Why Does Stock Market Volatility Change Over Time?, Journal of 

Finance, 44 (5), p. 1115-1153. 

 

114. Sheather, S., Marron, J., (1990), Kernel quantile estimator, Journal of American Statistical 

Association, 85 (410), p. 410-416. 

 

115. Silahli, B., Dingec, K.D., Cifter, A., Aydin, N., (2019), Portfolio value-at-risk with two-sided 

Weibull distribution: Evidence from cryptocurrency markets, Finance Research Letters, 

disponibil online la: https://doi.org/10.1016/j.frl.2019.101425, accesat în 05.02.2020. 

 

116. Silverman, B., (1986), Density Estimation for Statistics and Data Analysis, London: Chapman 

and Hall. 

 

117. Su, Q., Qin, Z., Peng, L., Qin, G., (2020), Efficiently Backtesting Conditional Value-at-Risk 

and Conditional Expected Shortfall, Journal of the American Statistical Association, 

disponibil online la https://doi.org/10.1080/01621459.2020.1763804, accesat în 10-03-2020. 

 

118. Taylor, J.W., (2020), Forecast combinations for value at risk and expected shortfall, 

International Journal of Forecasting, 36 (2), p. 428-441. 
 

119. Taylor, S.J., (1986), Modeling Financial Time Series, Chichester: John Wiley and Sons. 

 

120. Taylor, S., Xu, X., (1997), The Incremental volatility information in one million foreign 

exchange quotations, Journal of Empirical Finance, 4 (4), 317-340. 

 

121. Theodossiou, P., (1998), Financial Data and the Skewed Generalized T Distribution, 

Management Science, 44 (2), p. 1650-1661. 

 

122. Theodossiou, P., (2015), Skewed Generalized Error Distribution of Financial Assets and 

Option Pricing, Multinational Finance Journal, 19 (4), p. 223-266. 

 

123. Todea A., Platon D., (2012), Sudden Chnges in Volatility in Central and Eastern Europe 

Foreign Exchange Markets, Romanian Journal of Economic Forecasting, 15(2), p. 38-51. 

 

124. Wei, Y., Chen, W., Lin, Y., (2013), Measuring daily Value-at-Risk of SSEC index: A new 

approach based on multifractal analysis and extreme value theory, Physica A: Statistical 

Mechanics and its Applications, 392 (1), p. 2163-2174. 

 

125. White, H., Kim, T., Manganelli, S., (2015), VAR-for-VaR: Measuring Tail Dependence Using 

Multivariate Regression Quantiles, Journal of Econometrics, 187 (1), p. 169-188. 

 

http://rfb.ase.ro/vol12-june2020.asp
https://econ.ubbcluj.ro/rvm/numere/nr132.php
https://doi.org/10.1016/j.frl.2019.101425


 41 

126. Yamai, Y., Yoshiba, T., (2002), Comparative Analyses of Expected Shortfall and Value-at-

Risk: Their Estimation Error, Decomposition, and Optimization, Monetary and Economic 

studies, 20 (1), p. 87-121. 

 

127. Yao, F., Wen, H., Luan, J., (2013), CVaR measurement and operational risk management in 

commercial banks according to the peak value method of extreme value theory, Mathematical 

and Computer Modelling, 58 (1-2), p. 15-27. 
 

 

128. Yu, W., Yang, K., Wei, Y., Lei, L., (2018), Measuring Value-at-Risk and Expected Shortfall 

of crude oil portfolio using extreme value theory and vine copula, Physica A: Statistical 

Mechanics and its Applications, 490, p. 1423-1433. 

 

129. Zakoian, J.-M., (1994), Threshold Heteroskedastic Models, Journal of Economic Dynamics 

and Control, 18 (5), p. 931-955. 

 

130. https://www.bloomberg.com/ 

 

131. https://corporatefinanceinstitute.com/  
 

132. https://dexonline.ro/ 

 

133. https://www.investing.com/ 

 

134. https://www.ftserussell.com/ 

 

135. http://www.tranzactiibursiere.ro/:  the link currently redirects to https://www.brk.ro/. 

 


