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Abstract 

This dissertation assesses the accuracy of various market risk models in forecasting the one-

day-ahead downside risk of an equity index, specifically the S&P 500. This analysis will 

compare Value at Risk and expected Shortfall, produced by four models: Historical Simulation 

(HS), Gaussian parametric, Student-t parametric, and EWMA volatility-based. The dataset 

contains daily S&P 500 prices downloaded from Refinitiv DataStream and covers the period 

from 1/1/2014 to 31/12/2025. The study uses daily log returns and implements a rolling-

window out-of-sample framework with a 250-day trading estimation window, producing 

forecasts at α = 95% and α = 99%. 

The performance of the models is calculated using standard VaR backtesting tools, including 

breach-rate analysis, the Kupiec test, the Christoffersen independence test, and the conditional 

coverage test, which jointly evaluate not only the frequency of breaches but also their timing. 

Because ES cannot be validated with similar tools, it is assessed using a joint VaR-ES 

calibration framework, consistent with the model's idea that VaR and ES should always be 

evaluated together. The dissertation is also doing an event-based analysis, where it examines 

which of the models performed well under shock scenarios such as COVID or the war in the 

Middle East in 2025.  

The empirical results at α = 95% suggest that all models produce a breach rate that is close to 

the theoretical one. However, only EWMA consistently avoids rejection once the timing of the 

breaches is also taken into account. At α = 99%, none of the models pass the backtesting, 

highlighting the difficulty of forecasting in extreme shock scenarios with these standard 
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models. Overall, the results suggest that model issues become more pronounced during crisis 

periods and that calibrating the model in the extreme tails is challenging. 

Chapter 2 – Introduction 

This dissertation will focus on risk management. Risk management involves quantifying losses 

from movements in market prices over a specific time period. In practice, the focus is on 

measuring results under extreme scenarios rather than just calculating average performance. 

Two measures are the most common in the literature and practice: Value-at-Risk and Expected 

Shortfall. VaR provides a single number for losses at a confidence level, while ES measures 

average losses above the VaR level, capturing not only how often losses occur but also how 

severe they are. 

Financial returns are usually different from what normal distributions assume, they exhibit fat 

tails, skewness, and volatility clusters. These empirical results suggest that models built on 

constant variance and thin tail assumptions can underestimate risk when risk matters most, 

which is during market shocks. 

Also, in recent years, there has been an increase in discussions about model frameworks and 

governance. Every day, there is a higher need to assess the tail risk more comprehensively, and 

VaR and ES are often treated as a joint forecasting and validation problem. In particular, VaR 

backtesting includes many tests that evaluate accuracy in terms of success ratio and the timing 

of the risk. At the same time, ES is trickier because it is not just a simple threshold and cannot 

be validated by frequencies alone. For that reason, it is common to use joint VaR-ES tests that 

aim to combine VaR/ES assessment. 

For this reason, this dissertation will evaluate how different VaR/ES models estimate the one-

day-ahead downside risk for the well-established S&P 500 equity index. The analysis is 

designed to provide out-of-sample results using a rolling forecasting framework with a fixed 

window of 250 days, and to evaluate the performance of the models under both normal and 

stressed conditions. 
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2.1 Research objective 

The focus of this dissertation is to compare alternative VaR/ES models to measure which of 

these is the most robust for forecasting the one-day-ahead tail risk. Robustness is assessed in 

two ways: 

1. VaR backtest accuracy: Here, we focus on whether the expected breaches of the models 

match the realised results, and if these breaches are time independent 

2. VaR/ES joint calibration: Here, we evaluate the prediction of ES combined with VaR 

to measure which model better accounts for the loss. 

To achieve this, this thesis will use the following models: 

 Historic Simulation: a non-parametric model, which is used as a benchmark and is 

calculated on the rolling empirical returns 

 Gaussian parametric VaR/ES: A model that uses the normal distribution assumption 

 Student-t parametric VaR ES: This model extends the normal assumption by 

allowing for heavier tails 

 EWMMA-based VaR/ES: Introduces volatility that is time-dependent in order to 

capture the volatility clustering. 

2.2 Research Questions 

The dissertation will try to answer the following research questions: 

1. How different are the VaR and ES forecasted products from the models discussed 

in the 2.1 chapter? 

2. Which model performs better in backtesting results for each scenario and event? 

3. Do fat tails and volatility approaches behave more robustly than the Gaussian and 

HS during volatility periods? 

The contribution of this dissertation will be to provide a full, clear, and practice-aligned 

comparison of common VaR/ES models and to help practitioners identify which model is best 

and under which scenario. 
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2.3 Data and empirical design 

The empirical analysis uses S&P 500 daily prices from Refinitiv DataStream and covers the 

period from 2014 to the end of 2025. Returns are computed as daily log returns, and all models 

are estimated using a 250-trading-day rolling window to produce one-day-ahead VaR and ES 

forecasts. The first 250 observations are for training, and the out-of-sample periods contain 

2,766 forecasts. The results are produced at α = 95% and α = 99%. The dissertation then focuses 

on evaluating the selected VaR and ES models. This evaluation will be performed by: 

1. Var Backtesting: using breach rate, and a test to measure the coverage and the 

impedance of breaches 

2. ES Evaluation: using VaR-ES joint calibration approach because it cannot be validated 

alone with simple hypothesis tests 

3. Event period analysis: here we re-evaluate the model behaviour, but we focus only on 

pre-defined stress periods such as the COVID crash or the recent tariff crash 

Chapter 3 – Literature Review 

3.1 Martker risk and the role of tail risk 

Efforts to measure and quantify losses that are coming from movements in market prices are 

called market risk. An example of market risk is the movement in an equity index, such as the 

S&P 500, over a specific horizon (Basel Committee on Banking Supervision, 2019). 

Practitioners and regulators usually use two metrics to capture the market risk: Value-at-Risk 

(VaR) and Expected Shortfall (ES). For VaR, it is defined as the α-quantile of the loss 

distribution over a time period t. At the same time, ES measures the conditional average loss 

given that the VaR threshold has been defined and therefore aims to measure not only how 

often we have losses but also how severe they can be (Meng et al., 2020; Rockafellar & 

Uryasev, 2000). 

An important reason to focus on the tails of return distributions is that returns often do not 

conform to the Gaussian assumptions underlying many financial models. These violations in 

assumptions are mainly concentrated around fat tails, skewness, and volatility clustering (Cont, 

2001; Ratliff-Crain et al., 2025). Empirical results imply that when forecasting risk, one should 
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always allow for complex volatility patterns, especially during stress periods (Engle, 1982; 

Bollerslev, 1986). 

A known volatility pattern in finance is called volatility clustering. This phenomenon suggests 

that high volatility is followed by high volatility and vice versa. That empirical evidence 

motivates the creation of a model that captures this pattern and does not assume constant 

volatility over time (Engle, 1982; Bollerslev, 1986). 

3.2 Value at Risk as a risk benchmark and its limitations 

VaR is a popular metric because it can be calculated as a single number and it is easy to interpret 

and communicate (Jorion, 2007). This simplicity makes it an attractive metric for risk reports, 

risk frameworks, and capital rules. However, a significant problem with the model is that it 

provides no information on the magnitude of losses if the VaR threshold is breached (Yamai & 

Yoshiba, 2005). For example, two portfolios may have the same VaR but differ in tail risk and 

expected losses. That motivates the adoption of ES as a metric that could provide more 

information on retail risk in both academic work and regulations (Artzner et al., 1999; 

Rockafellar & Uryasev, 2000). 

The critique of the simple VaR models is quite extensive in the literature. Artzner, Delbaen, 

Eber, and Heath (1999) formalise the rules defining a risk measure and show that VaR can 

violate them. On the other hand, ES type models align better with the conditions of a proper 

market risk framework. While coherence is not the only criterion in the paper, they explain why 

VaR alone cannot properly measure a portfolio's risk. 

In addition, Rockafellar and Uryasev provide their own optimization framework for ES, 

showing that ES-type measures are helpful not only for monitoring risk but also for controlling 

it and hedging portfolio exposure problems, making ES as applicable, if not more, than VaR. 

3.3 Regulatory shift from VaR to ES under the Basel market risk 

framework 

The global regulatory framework has evolved significantly over the past few years. The Basel 

Committee has advanced its VaR-based model approach by also incorporating ES directly into 

the internal model framework, reflecting the view that ES is needed to capture potential severity 
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and to provide more detailed information to be used in addition to VaR (Basel Committee on 

Banking Supervision, 2019). 

Here, we need to mention that none of the regulatory frameworks eliminate the need for VaR; 

they focus on combining with ES to capture risk across the whole distribution and make it 

easier to quantify not only the point of the distribution, but also the loss in its tails. This is why 

in most modern validation systems, VaR and ES are usually treated as a joint forecasting 

problem (Nolde & Ziegel, 2017; Fissler et al., 2015). The literature, therefore, motivates the 

development of a dissemination that forecasts both VaR and ES, evaluates their outcomes and 

behaviours using established tests for model calibration, and assesses them under different 

conditions (Kupiec, 1995; Christoffersen, 1998; Nolde & Ziegel, 2017). 

3.4 VaR and ES forecasting approaches: HS, Gaussian, 

Student-t, and EWMA 

In the literature, there is a broad range of various models, from simple non-parametric 

approaches to fully complex stochastic volatility models and methods. This dissertation will 

focus on a small number of widely used approaches that represent distinct modelling 

philosophies. The models that this dissertation will focus on for VaR and ES are: Historical 

Simulation, Gaussian parametric, Student-t parametric, and EWMA-based. They have been 

chosen because they offer different perspectives on how these metrics can be used, and each 

aims to solve a problem empirically observed in the returns. 

3.4.1 Historical Simulation (HS) 

Historical simulation estimates VaR and ES by using empirical quantiles and tail averages from 

a rolling window of historical returns (Manganelli, 2001). This model is helpful because of its 

simplicity: it makes no assumptions and does not rely on Gaussian distributions. However, 

because of this simplicity, it has some serious drawbacks (Pritsker, 2006). It is well known that 

it reacts too slowly to market shifts, especially when the estimation window does not have 

enough data similar to current market conditions (Pritsker, 2006; García-Risueño, 2025). Also, 

this model will most likely perform quite poorly during periods of volatility change because it 

does not account for conditional variance. These limitations are consistent with the literature, 
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which suggests that using only historical observations is not enough to capture returns that 

change over time. 

3.4.2 Gaussian parametric VaR/ES 

The normal parametric approach assumes that returns follow a normal distribution, with a mean 

and variance that can be estimated from a selected period (for this dissertation, the rolling 

window) (Morkūnaitė et al., 2024). Because of this assumption, VaR and ES have closed-form 

solutions, making them easy to calculate and interpret (Michaelides & Poudyal, 2024). This 

approach, as far as I can tell, is computationally efficient and easy to work with. However, the 

literature is usually criticised for its fat-tailed assumptions, even though we can empirically see 

that real returns are heavy-tailed and clustered (Ratliff-Crain et al., 2023). As a result, Gaussian 

VaR/ES will most of the time perform poorly during economic distress, and it should be used 

only as a baseline model. 

3.4.3 Student-t parametric VaR/ES 

The Student-t distribution extends the Gaussian model by allowing heavier tails through the 

degrees of freedom parameter. This is quite a relevant extension, as empirical evidence shows 

that extreme returns occur more often than the simple Gaussian model predicts. Under the 

Student-t assumptions, both VaR and ES can be analytically tractable, which makes them still 

efficient models. For that reason, this methodology can be considered a middle ground between 

pure non-parametric models and dynamic ones. For that reason, this distribution is widely used 

by practitioners as a robust alternative to the Gaussian model, especially for modelling its fat 

tails. 

3.4.4 EWMA volatility VaR/ES 

The EWMA model captures volatility by using exponentially decaying weights, allowing 

recent observations to influence the variance more strongly than older ones. In simple terms, 

the volatility of the previous day is more important than the volatility of one month ago 

(Longerstaey & Spencer, 1996). The approach is popular because it provides a simple dynamic 

tool that captures volatility clustering without using a full parametric, more complex model 

like GARCH. In practice, this model is either used as direct volatility input for VaR/ES or as 

part of the simulation approach. In the literature, EWMA is often seen as a reduced-form 
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response to GARCH models (Engle, 1982; Bollerslev, 1986; Alexander & Dakos, 2023). If 

volatility is persistent and clustered, the risk forecasts should be conditioned on a variance 

process rather than assume that it is constant (Engle, 1982; Bollerslev, 1986). 

3.5 Forecast evaluation and backtesting philosophy 

In the literature, the main approach to model and assess a risk forecasting model is to train it 

and then evaluate it on data it has not seen during calibration (West, 1996; Giacomini & White, 

2006). Rolling-window forecasting is therefore used in the literature to mimic real-time risk 

modelling and to avoid data leakage (Giacomini & White, 2006). The dissertation’s one-day-

ahead rolling design aligns with that idea.  To evaluate model accuracy, evaluation frameworks 

have been developed to assess VaR and ES model performance, focusing on the models' main 

objectives. This dissertation will focus on some of these. 

3.6 VaR Backtesting: exceedances, coverage, and 

independence 

Backtesting VaR is intuitive; the main objective is to ensure that the model's expected number 

of breaches is similar to those that will occur in reality. That said, various backtesting methods 

aim to measure it properly (Lopez, 1999; Zhang & Nadarajah, 2017). Some of the most 

common in the literature are the Kupiec test (1995), Christoffersen (1998), and the conditional 

variable. These tests focus on evaluating VaR based on both the number of breaches and their 

timing (Christoffersen, 1998; Zhang & Nadarajah, 2017). 

3.6.1 Unconditional coverage (Kupiec test) 

Kupiec (1995) proposed a likelihood ratio test to determine whether the observed breach 

frequency matches the VaR confidence level (Kupiec, 1995; Leung, 2021). This unconditional 

coverage test is attractive to practitioners and the literature because it is simple and aligns with 

the regulatory framework, which focuses on the number of breaches (either too many or too 

few) (Lopez, 1999; Ben Ayed et al., 2024). However, unconditional coverage alone is not 

sufficient, as it may have the correct coverage expectation rate but still cannot specify the 

correct timing of the breaches (Christoffersen, 1998; Leung, 2021; Tsafack, 2021). 
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3.6.2 Independence and conditional coverage 

In 1998, Christoffersen expanded the VaR evaluation by testing whether the exceptions are also 

independent over time. He did that by using a Markov chain structure. His logic is that clustered 

exceptions suggest the model fails to respond enough to changing volatility in the markets, 

which is especially relevant given volatility clustering (Christoffersen, 1998; Berger, 2021). 

The conditional coverage test combines the frequency test from Kupiec with the independence 

tests and performs a strict test of VaR accuracy. 

These tests are quite important because they connect VaR backtesting with empirical market 

dynamics, suggesting that volatility is time-varying and persistent, and, for that reason, a good 

VaR model should adapt quickly (Christoffersen, 1998; Leung et al., 2021). 

3.6.3 Regulatory backtesting culture 

The regulatory use of backtesting helped with the idea that the internal VaR model should 

continuously monitor realised P&L and that systematic underestimation of risk should be 

followed by capital adjustments (Lopez, 1999; Berkowitz & O’Brien, 2002). The Basel 

Committee's earlier supervisory framework on the use of backtesting and model monitoring 

framed exception counting and the model overfitting process, and remains today one of the 

most important methodologies for how banks structure VaR validation reporting (Lopez, 1999; 

McCullagh, 2023). 

3.6.4 Beyond exceptions: density and distributional evaluation 

A further critique of pure expectation-based backtesting models is that they usually use limited 

information. They focus on whether returns exceed a single quantile, for example, and they 

completely ignore the rest of the predictive distribution. Bekrowitz (2001) proposed a density 

of casting evaluation method that is based on transforming the probability distribution, enabling 

a more distribution-sensitive adjustment (Abboud et al., 2021; Cuoco & Liu, 2006; Frésard et 

al., 201). While density tests are not always included in empirical papers, they provide an 

important advancement in VaR modelling by suggesting that risk model validation can also be 

framed as distribution calibration rather than only as threshold violation monitoring 

(Christoffersen & Pelletier, 2004; Lopez, 1999; Sizova, 2023; Duncan et al., 2022). 
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At the regulatory level, Lopez (1996) also reviews approaches for evaluating VaR models, and 

emphasized that VaR is a forecast that must be tested and examined using statistical approaches 

with supervision and internal model governance 

3.7 ES Backtesting 

3.7.1 Problems of backtesting ES like VaR 

Unlike VaR, ES is not a threshold; it represents the average loss in the tail after the VaR 

threshold (Du & Escanciano, 2017; Nolde & Ziegel, 2017. For that reason, a simple breach 

indicator cannot determine whether ES is correct (Du & Escanciano, 2017; Fissler & Ziegel, 

2016). This creates a practical issue: a model can produce ES that are not conservative enough 

but still have a really healthy VaR expectation rate, which is close to reality (Barendse et al., 

2023; Hué et al., 2024). In other words, ES validation needs its own frameworks that assess 

both the frequency of tail events and also the severity of loss in these events. 

3.7.2 ES evaluation framework 

A major development in the ES backtesting literature is the recognition that ES, which cannot 

be quantified easily on its own, can be quantified jointly with VaR (Gneiting, 2011; Nolde & 

Ziegel, 2017). This observation enables the construction of loss functions for the pair of VaR 

and ES, rather than ES alone, which then allows forecasting comparisons and backtesting using 

similar statistical tools to those used for VaR (Fissler, Ziegel, & Gneiting, 2015; Nolde & 

Ziegel, 2017). Fissler and Ziegel (2016) have provided a theoretical framework for combining 

these two metrics and discussed how the practical implementation of ES can be evaluated when 

paired with VaR. This joint model supported several models that treat VaR and ES forecasts as 

joint objects (Patton, Ziegel, & Chen, 2019). VaR identifies the tail region, while ES 

summarises the severity within that region, and both must agree with the realised data. 

3.7.3 Recent ES backtesting methods: calibration, severity, and estimation error 

Modern ES backtesting research has moved beyond the early debates about whether joint tests 

address issues such as severity, time dependence, and estimation uncertainty (Bayer, 2022; Hué 

et al., 2024; Wang et al., 2025). A key practical issue is the estimation error. All risk forecasts 

are calculated from a set of parameters, such as the mean, variance, degrees of freedom, EWMA 
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components, and others, and a simple backtest can misinterpret these results as a model failure 

(Barendse et al., 2023; Dimitriadis & Schnaitmann, 2021). Barendse, Kole, and van Dijk (2023) 

show that estimation errors can affect backtest results and propose a new robust version of the 

test that accounts for these effects, which are relevant for the rolling-window implementation 

and cannot be ignored in relatively small samples (Barendse et al., 2023). 

Another framework focuses on separating the frequency of the breaches from their severity. 

Hué, Hurlin, and Lu (2024) proposed a duration-severity approach to ES backtesting that does 

not split frequency and severity components, even though ES, as a measure itself, focuses 

mostly on the severity of tails. 

An even more recent innovation in this type of backtesting is e-backtesting. This framework 

proposes model-free backtesting methods for risk measures such as VaR and ES, based solely 

on e-values and processes. Wang and Ziegel in 2025 developed this approach and emphasised 

its usefulness for risk backtesting and a few modelling assumptions over the traditional 

parametric frameworks. 

Overall, these contributions focus on two practical points. Firstly, the ES evaluation can be 

done effectively with a joint VaR-ES framework rather than ES alone (Fissler, Ziegel, & 

Gneiting, 2015; Nolde & Ziegel, 2017). Secondly, the model test addresses some of the issues 

with the basic backtesting tool, such as volatility clustering and estimation error, which align 

with the goal of producing results that are meaningful and can be used for real-world 

monitoring scenarios (Barendse, Kole, & van Dijk, 2023; Cont, 2001; Engle, 1982; Bollerslev, 

1986; Wang et al., 2025). 

3.8 Stress periods and the motivation for event-window analysis 

A common issue in financial markets, especially in risk management, is that models can appear 

to work well during healthy economic conditions but break down under market volatility and 

stress. This is not only a practical observation from the literature but also a statistical one. We 

know that asset returns have heavy tails, skewness, and volatility clustering, meaning that the 

distribution of losses is not stable across time, and on the contrary, we have seen it going 

extreme during crisis events (Cont, 2001). Volatility clustering suggests that variance depends 

on time and is not constant, which is why volatility models such as ARCH/GARCH were 

developed in the first place (Engle, 1982; Bollerslev, 1986). The previous effects motivated 
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the literature to examine behaviour within specific event windows, mostly during shocks, rather 

than relying solely on the full-sample average, which, of course, includes mostly normal market 

days. 

Since VaR and ES are tail measures, the usefulness of the models can be mostly seen during 

stressed market scenarios; for that reason, comparing model results during turbulent windows 

can reveal differences in responsiveness and tail fit that might be muted at the aggregated level. 

In particular, historical simulation can be slow to adapt when the world confronts too few 

situations similar to current market conditions, and its weakness becomes apparent when 

volatility changes rapidly (Pritsker, 2006). Generally, empirical research indicates that, 

regarding model risk, most models produce similar risk estimates in calm periods but diverge 

significantly when uncertainty rises (Boucher et al., 2014; Danielsson et al., 2014). 

Another motivation is the methodology that is followed. The standard backtest can have limited 

power in sample sizes, which becomes more problematic when the data-generating process 

shifts across regimes. Time-dependent backtests show that measuring beyond standard breach 

counts can improve the ability to detect clusters, an issue that is more observable when 

volatility increases (Christoffersen & Pelletier, 2004). Similarly, much of the literature argues 

that focusing solely on a single tail point can miss important aspects of the predictive 

distribution; for this reason, it suggests using more tools for diagnostics (Berkowitz, 2001). 

Empirical evidence from banks' VaR systems also shows that models may appear either 

conservative or acceptable on average, while still failing to respond to market shifts and 

increases in volatility, which again supports targeting the analysis to specific events (Berkowitz 

& O’Brien, 2002). 

3.9 Summary 

The literature review examines two things. Firstly, why is it important to measure and analyse 

the tail risk? Why is VaR useful but incomplete as a measure by itself? Thirdly, it focuses on 

why ES is a good measure, why it should always be considered together with VaR, and why 

both VaR and ES should be validated through backtesting, and which tools are best according 

to the literature. 

Attribution-NonCommercial-NoDerivatives 4.0 International

http://creativecommons.org/licenses/by-nc-nd/4.0/

https://doi.org/10.26219/heal.aueb.9847



4. Hypothesis Development and Formulation 

As discussed in Chapter 3, the returns are known to show fat tails and volatility clustering, 

meaning that extreme losses happen way more often than what a Gaussian model suggests and 

risk changes over time (Cont, 2001; Engle, 1982; Bollerslev, 1986). This evidence from returns 

suggests that models that assume thin tails and constant variance may appear acceptable on 

average, but they fail when volatility shifts sharply, when risk measurement matters most. This 

motivates us to compare four different VaR/ES modelling approaches that represent different 

assumptions.  

 Historical Simulation: A non-parametric, simple but slow-to-react model. 

 Gaussian parametric: An analytical and simple model, but with strong assumptions 

regarding the tails of the distributions. 

 Student-t: A similar model to Gaussian, but allows the tails to be heavier 

 EWMA: A time-varying volatility model that allows the volatility to change over time. 

VaR can be tested using backtests that examine both frequency and timing of exceptions. 

However, ES cannot be validated by a simple breach rate, so as described in the literature, it 

can be validated in combination with VaR as a joint test (Fissler & Ziegel, 2016; Nolde & 

Ziegel, 2017). This dissertation’s contribution is to assess whether the same model ranking 

holds under a single forecasting model (S&P 500, one-day-ahead rolling forecasts, 250-day 

window, α = 95% and α = 99%). 

This dissertation will focus on checking the following hypotheses: 

H1. In the full out-of-sample period, EWMA will be more robust than Student, 

Gaussian, and HS for VaR/ES forecasting at α = 95% and α = 99%.  Robustness is 

defined as (i) fewer rejections in VaR backtests (coverage and independence) and 

(ii) better joining VaR-ES calibration. 

H2. Model performance is expected to be worse during stress event windows relative 

to the full sample. This deterioration of the model accuracy is expected to be more 

visible for the Gaussian and HS models, while the EWMA and Student-t are 

expected to be more stable. 
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H3. Across all the tested models, calibration is expected to be more difficult at α = 99% 

than at α = 95%, because the far tails of the distribution are rarer. For that reason, 

rejections in VaR/ES backtesting should be more common at the 99% level. 

5. Research Design and Methodology 

5.1 Research objective and motivation 

In this dissertation, the primary focus is on comparing alternative market risk forecasting 

methods for measuring one-day-ahead downside risk. The metrics we will use are the Value at 

Risk (VaR) and expected Shortfall (ES). VaR, or Value at Risk, has become quite popular in 

the financial industry. It is a simple statistic that practitioners can easily use. It is a single 

number that can be used to calculate traders' risk limits and easily fit into any dashboard, 

making it practical for everyday use (Jorion, 2007; Hull, 2021). 

Another helpful tool among practitioners is the ES, a metric that measures the average loss in 

the tail. This metric addresses the main issue with VaR: it specifies a cutoff point but does not 

explain how significant losses can occur beyond that point (Rockafellar & Uryasev, 2000; 

Yamai & Yoshiba, 2002; McNeil, Frey, and Embrechts, 2015). 

In this dissertation, the main reason for comparing different VaR/ES methods is that the returns 

we observe in practice do not always conform to the assumptions of the most famous 

parametric models. In the literature, many studies suggest that returns do not follow a normal 

distribution but may exhibit fatter tails than the normal distribution would suggest, higher 

skewness, and, most importantly, volatility clusters. (Mandelbrot, 1963; Fama, 1965; Cont, 

2001; McNeil, Frey, and Embrechts, 2015). 

These patterns suggest that all models that rely on normal-distribution assumptions likely 

underestimate risk, particularly tail risk. This has been observed frequently during periods of 

market volatility (Cont, 2001; McNeil, Frey, and Embrechts, 2015). This is why, in this 

dissertation, we examine the following models. 

1. Historical Simulation (HS): This method uses historical data to calculate the empirical 

quantiles as a benchmark, which means that we rely a lot on historical observation to get the 

distributions and not on any theoretical distribution 
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2. Student-t: This is a parametric style model, which is helpful because it can handle the 

issue of fat tails, and it is well-suited for modelling returns with outliers and extreme values. 

that may show extreme negative returns. 

3. EWMA: This model tries to handle the central issue of HS VaR by constantly updating 

the volatility over time in order to solve the problem of clustering, which was discussed earlier. 

Finally, an important feature of this analysis is that the model can perform well across different 

market conditions; some models perform best in calm markets, while others perform well 

during turbulence (Cont, 2001). For this reason, this dissertation will evaluate models both i) 

for the full sample and also ii) during recent tremors in the financial market, like the 

Russian/Ukrainian war, or the most recent tariffs from the US government. This is consistent 

with the idea of examining model behavior. 

5.2 Methodology Questions 

This dissertation answers three practical questions. 

Q1. How different are the VaR and ES forecasts produced by Historical Simulation, 

Gaussian, Student-𝑡, and EWMA models at the 95% and 99% confidence levels? 

Q2. Which VaR model performs best in standard backtesting, with the breach rate close to 

the target level and breaches not clustered over time? 

Q3. Do Student-𝑡 (fat-tail) And do EWMA approaches behave more robustly than Gaussian 

VaR and HS during volatile periods? 

To answer the previous questions, we will calculate the metrics discussed in the previous 

chapter and apply a back-testing methodology similar to that followed in the literature, for 

example, Kupiec (1995) and Christoffersen (1998). 

5.3 Data description and sample construction 

5.3.1 Asset selection 

The baseline analysis uses the S&P 500 index. This index includes the 500 biggest US 

companies in the stock market and is generally considered an excellent proxy for measuring 

the performance of the US economy. A board index like this one can reflect a broad range of 
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market conditions and multiple market crashes over the past few years, making it useful for 

stress testing (Jorion, 2007; McNeil, Frey, and Embrechts, 2015). 

5.3.2 Data source, frequency, and sample period 

The daily price data for the S&P 500 come from the Refinitiv DataStream database, and the 

raw data are then cleaned and edited for use in the models we are building. The dataset covers 

the period from the beginning of 2014 until the end of 2025. We select this period because it 

offers a wide range of interesting financial events that we will examine for the accuracy of the 

Var models, the events we will be discussing in the next chapter. 

For this raw data, we will use daily data and calculate the one-day VaR, an approach commonly 

used in the industry. This fits well with how VaR is calculated and applied (Jorion, 2007; Hull, 

2021). Daily observation is necessary to achieve a large enough sample size to calculate returns 

using the rolling method, especially for EWMA, and for our backtesting. 

After we get the raw data, we use Python to prepare them for analysis. Specifically, we check 

the time indexes, ensure the dates are correct and fall within the intervals we want to work 

with, handle outliers and missing values, and, in the end, compute the VaR and ES returns 

(Aroussi, 2025). 

5.3.3 Return construction 

From the raw data, we have the daily price. Let 𝑃𝑡 denote the raw price on day 𝑡. The daily log 

returns can be calculated as:  

The benefit of using log returns instead of simple returns is that they provide a stable score 

without outliers and can be added over time, making them a stable variable for modelling VaR 

and ES (Jorion, 2007). 
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5.4 Empirical forecasting framework 

5.4.1 One-step-ahead forecasting setup 

For this methodology, we will apply the one-step-ahead forecast: each model produces a risk 

forecast for the day. 𝑡 using information available up to day 𝑡 − 1. The available information 

set is denoted by ℱ𝑡−1. 

A rolling-window method is applied. For each day 𝑡, parameters (or empirical quantities) are 

estimated using the most recent 𝑊 returns: 

 

The baseline window length in the code is: 

 

𝑊 = 250, 

 

This number can be used to approximate the number of trading days in a year and has been 

used in many similar papers, such as those by Jorion in 2007 and McNeil, Frey, and Embrechts 

in 2015. The rolling setup helps us avoid creating look-ahead issues and biases and allows the 

model to maintain continuity over time. (Engle, 1982; Cont, 2001). 

5.4.2 Confidence levels used 

The analysis considers two confidence levels: 

 

These are standard in risk management: 95% provides more breaches (more statistical power), 

while 99% focuses on rarer tail events and is more sensitive to extreme outcomes (McNeil, 

Frey, and Embrechts, 2015; Hull, 2021). 
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5.5 Risk measure definitions (VaR and ES) 

5.5.1 Value-at-Risk (VaR) 

Define 𝑞𝑡,𝛼 as the conditional (1 − 𝛼)-quantile of returns given ℱ𝑡−1, i.e.: 

 

VaR is reported as a positive loss number: 

 

This makes interpretation consistent: larger. VaR𝑡,𝛼 means higher predicted downside risk 

(Jorion, 2007). 

5.5.2 Expected Shortfall (ES / CVaR) 

Expected Shortfall is defined as the average loss in the tail. 

 

It is considered more useful than VaR because it captures not only a threshold but also the 

estimated loss in extreme scenarios (Rockafellar & Uryasev, 2000; Yamai & Yoshiba, 2002; 

Basel Committee on Banking Supervision, 2019). 

 

5.6 Risk forecasting models implemented 

 

As discussed in the previous chapter, this dissertation will focus on various approaches to 

capturing VaR. These include VAR with Historical Simulations, a nonparametric method that 

captures VaR using historical returns. Secondly, we calculate VaR and ES under the 

assumption that returns follow a normal distribution. Thirdly, we assume returns follow a t-
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distribution, and finally, we approximate volatility and account for volatility clusters using 

EWMA. 

5.6.1 Historical Simulation (HS) 

Historical Simulation calculates the quantiles from the historical distribution in the following 

window that we have defined. 

 

So 

 

The ES will be the average loss from the historical quantiles, as the following equation 

suggests.: 

 

where 𝑁tail is the number of observations in the window. HS is straightforward because it does 

not assume any distribution, but it cannot react to events because all its weights are based on 

past observations (McNeil, Frey, and Embrechts, 2015; Cont, 2001). 

5.6.2 Parametric Gaussian (Normal) VaR and ES 

If we assume the returns follow a normal distribution, we assume they do. 

 

where 𝜇𝑡 and 𝜎𝑡 are estimated from the rolling window dataset using the sample mean and the 

sample standard deviation. 

Let 𝑧1−𝛼 = 𝛷−1(1 − 𝛼). Then: 
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Because we assume that returns follow a normal distribution, it turns out that EL will have an 

analytical solution, which is: 

 

where 𝜑(⋅) is the standard normal density. 

If we use VaR/ES calculated from a normal distribution, it is widely used and easy to interpret, 

but it can underestimate tail risk under fat-tailed distributions (Jorion, 2007; Cont, 2001). 

5.6.3 Student-𝑡 VaR and ES 

To model heavier tails and address one issue with HS VaR, we assume returns follow a t-

distribution. 

𝑟𝑡 ∣ ℱ𝑡−1 ∼ 𝑡𝜈(loc𝑡, scale𝑡), 

where 𝜈, loc𝑡, and scale𝑡  are estimated by maximum likelihood on each period. 

We assume that 𝑞𝑡,𝛼
𝑡  be the fitted (1 − 𝛼)-quantile from the Student-t distribution; then: 

VaR𝑡,𝛼
𝑡 = −𝑞𝑡,𝛼

𝑡 . 

ES under the Student-t distribution can be computed using an analytical approximation, 

yielding a tail-mean measure consistent with heavy-tailed distributions (McNeil, Frey, and 

Embrechts, 2015). The motivation is that the student-𝑡 allocates more probability mass to the 

tails than Gaussian models, which may improve performance during turbulent periods (Cont, 

2001). 

5.6.4 EWMA VaR and ES 

With EWMA, we capture the volatility using a recursive update in the variance we use: 
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Where the daily decay value: 

𝜆 = 0.94. 

These specific values are widely used in practice for daily risk because they increase 

responsiveness to recent volatility (Longerstaey & Spencer, 1996). 

EWMA VaR assumes conditional normality with time-varying 𝜎𝑡 and 𝜇 = 0: 

 

Similarly, EWMA ES uses the normal ES formula with 𝜇 = 0: 

 

We decided to go with these models because they target volatility clustering and respond more 

quickly than classic HS when volatility changes (Engle, 1982; Cont, 2001; Longerstaey & 

Spencer, 1996). 

5.7 VaR backtesting methodology 

5.7.1 VaR breach indicator 

We define a VaR breach as the moment when the return falls below the VaR threshold. 

 

where 𝐼𝑡 = 1 indicates a breach and 𝐼𝑡 = 0 otherwise. 

If the VaR model is correctly calibrated at the level 𝛼, then: 
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For 𝑇 out-of-sample forecasts, the expected number of breaches is: 

 

5.7.2 Kupiec unconditional coverage test 

In this dissertation, to evaluate whether VaR models produce the correct number of breaches, 

we will apply the Kupiec coverage Test (Kupiec, 1995). This test assesses whether VaR is 

estimated at a confidence level α; for example, 95%. Then the breaches should be rare and 

occur with this expected probability. That means that the probability that we will have a VaR 

breach at any point should be: 𝑝 = 1 − 𝛼 

For example, if we have a 99% VaR, we expect about 1% of days to be breached. The test 

checks whether the observed breach rate in the backtest is statistically consistent with our 

expectations. 

The null hypothesis is that the model has the correct unconditional coverage, meaning that the 

breach probability equals the theoretical one: 

𝐻0: Pr(breach) = 1 − 𝛼 

The Kupic test is a calibration test; its job is not to measure losses beyond VaR, and it does not 

check for a cluster in these breaches. It only checks that the frequency of the breaches matches 

the theoretical levels. 

If the null hypothesis is rejected, it suggests that the VaR model does not correctly capture the 

risk implied by its assumptions. That practically means that this Var is either too conservative, 

meaning it predicts more breaches than they actually are, or too aggressive, which means that 

the model does not cover all the breaches that we see in the market. 

5.7.3 Christoffersen independence test 

Even if he has ensured, using the Kubiec test, that the model has the correct number of breaches, 

it can still be unreliable if those breaches occur in clusters. In markets, we see that volatility 

most often occurs in clusters, and models do not adjust quickly enough. That means the VaR 

models may look fine on average, but they fail during periods of higher risk. 
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For that issue, we will use Christoffersen's (1998) independence test. This test now focuses 

more on the timing of the breach. In simple terms, it measures whether the exceptions occur 

independently of one another using the variable, because under a well-specified VaR model, 

observing a breach today should not make a breach tomorrow more likely. In statistical terms, 

the breach should behave like a sequence of Bernoulli trials with a constant probability of 

success. 1 − 𝛼 

In the test, we model {𝐼𝑡} with a first-order Markov structure, which allows the probability of 

a breach tomorrow to depend only on today's breach probability. This leads to two types of 

scenarios: 

a) the case of not having a breach first and then having one 

b) the case of not having a breach in 2 consecutive days 

If breaches are independent, the probability of a) should be the same as the probability of b). If 

the test rejects the null of independence, it indicates a cluster (Christoffersen, 1998). 

5.7.4 Conditional coverage test 

The conditional coverage test combines the unconditional coverage and independence 

requirements into one joint test (Christoffersen, 1998). In this dissertation, a VaR model is 

considered empirically stronger if it shows: 

 a breach rate close to 1 − 𝛼, and 

 higher backtest p-values (i.e., fewer rejections), and 

 stable behavior across standard and event windows. 

5.7.8 ES backtesting approach 

To measure the accuracy of the ES, we did not have a specific breach count like VaR, because 

ES is not simply a cutoff value like VaR but rather the average loss in the worst tail of the 

distribution. Backtesting ES by itself is pretty tricky, which is why many studies suggest testing 

ES jointly with VaR rather than testing ES alone (Fissler & Ziegel, 2016; Nolde & Ziegel, 

2017). Some practical ES backtesting ideas also address this difficulty and explain why ES 

requires different tools than VaR (Acerbi & Székely, 2014). 
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In this methodology, VaR and ES forecasts are always positive-loss numbers, while the realized 

return is negative. 𝑟𝑡 can be positive or negative. To apply the ES backtest, we can convert the 

forecasts to return sign by multiplying by -1 (so they are negative numbers, like bad returns): 

 

where 𝑞𝑡 is the predicted quantile for the (VaR threshold) and 𝑒𝑟  is the predicted ES with the 

same sign as the return. Let 𝜏 = 1 − 𝛼 be the tail probability (e.g. 𝜏 = 0.01 for 𝛼 = 0.99). 

Then we define a tail indicator: 

 

which equals 1 when the realized return is in the left tail (below the VaR threshold). Using 

these, we compute a daily calibration statistic (Acerbi & Székely): 

 

The basic logic is: the first term measures how far the realized return falls below the VaR 

threshold on tail days, scaled by the probability of tail days. The second term (𝑞𝑡 − 𝑒𝑡) 

measures the difference between VaR and ES. If the VaR–ES forecasts are well calibrated, it 

means that this statistic should be close to 0, so the test should have: 

 

5.8 Event-window (stress-period) analysis 

5.8.1 Motivation 

It is well documented that risk models like VaR or ES are most applicable during market stress 

and economic crises; however, these periods are when they are most likely to break down 

(Cont, 2001). For that reason, in addition to presenting full-sample results, this dissertation will 

also evaluate whether VaR/ES behaves differently during volatile periods. 
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5.8.2 Event window definition 

For this methodology, we define several event periods as fixed intervals, such as the COVID 

crash or the Ukraine shock. For that reason, we label the day using the following method: 

 0, if it falls outside all windows, or 

 1, if it falls within a defined interval. 

This approach is similar to what is usually followed in the literature in these types of scenarios, 

where it is important to analyze shocks also during specific time events rather than their 

unconditional averages (MacKinlay, 1997). The reason is that VaR and ES models are usually 

more stable during good economic conditions but become unstable when volatility is high 

(Cont, 2001). 

5.8.3 Events discussion 

A key component of this dissertation is not just to measure the performance of the VaR and ES 

models, but also to examine their behavior when it matters most: during periods of economic 

turbulence in the financial system. For that reason, a list of events has been created in order to 

focus the analysis on this side. These events have been selected because they represent different 

types of tail risk, such as a global health shock, a major war, a new policy, or a banking-sector 

stress event. 

Having multiple events is helpful for this analysis because, for example, if a VaR method works 

well in one event, it may not work well in others, especially when volatility clusters and 

correlations change significantly across time. In practice, these warnings help indicate whether 

model performance is stable over time and across scenarios. 

Covid Crash (2020-02-20 to 2020-04-30) 

 

We will discuss first the crash during the COVID period. During this period, the measures 

imposed by governments have created significant market volatility, resulting in a sharp decline 

in stock prices. At this time, markets move suddenly and in unexpected patterns in a matter of 

days, making this window important to evaluate. The end of this event has been set for the end 
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of April to include the aftershock phase, when markets began to absorb the significant policy 

changes that took place during this period. 

Ukraine / Russian War (2022-02-24 to 2022-03-31) 

 

In this event, we try to cover how geopolitical risk, and specifically the biggest war in Europe 

in the past few decades, affected the market, and specifically the assumptions of parametric 

models. It is included because it represents a shock that can spread across the whole industry, 

especially the energy sector and commodities. That makes it helpful to check whether VaR/ES 

methods respond to volatility jumps. 

Q4 2018 Sell off (2018-10-01 to 2018-12-31) 

 

In a slightly different type of event, we also include the Q4 2018 sale. This is a different type 

of event because it did not happen suddenly, but it was built over weeks and months, and it did 

not come from a single headline event. It is a period of persistent negative returns and high 

volatility, which will help us evaluate the models from a slightly different perspective. We need 

this time period to evaluate whether the VAR/ES metrics behave as assumed during prolonged 

periods of high risk and volatility. 

US Debt ceiling 2023 (2023-05-01 to 2023-06-15) 

 

This event introduces a different kind of uncertainty, coming from policy uncertainty rather 

than an event. At this time, there was significant discussion about US debt and the possibility 

of a US default, which affected risk sentiment and investor confidence. This period begins in 

May and extends till mid-June. We think this type of policy risk can create volatility clusters 

that could affect VaR model assumptions. 

Tariff Shocks 2025 (2025-04-02 to 2025-04-10) 

 

This dissertation will also focus on more recent events that have affected the financial markets 
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and examine which model performs better on the more recent data. Specifically, in April 2025, 

there was significant market volatility due to the tariffs the US president imposed on major 

trading partners. This situation has created high volatility, and the markets have been affected 

significantly. 

War in the Middle East 2025 (2025-06-13 to 2025-06-30) 

 

During the summer of 2025, the situation in the Middle East escalated, driving a period of high 

volatility amid rising commodity prices. This event has been included because such 

geopolitical events can stress models in many ways and reveal weaknesses in the assumptions 

underlying them. 

5.8.4 Event-based evaluation outputs 

Within each period (Normal vs event windows), the dissertation compares: 

 the distribution of VaR𝑡,𝛼 and ES𝑡,𝛼 levels (boxplots), 

 breach rates (bar charts), 

 backtest statistics where the event sample is large enough 

5.9 Implementation details and reproducibility 

5.9.1 Step-by-step empirical pipeline 

Firstly, we need to get the daily prices for the S&P 500 (from DataStream) and then calculate 

the daily (log) returns. Next, calculate all the VaR and ES methods using the rolling window 

method and produce one-day-ahead forecasts of VaR and ES for α=0.95 and α=0.99. After that, 

compute VaR breaches  for each VaR model, run full-sample VaR and ES backtest, and finally 

repeat the descriptive evaluation and breach-rate summaries by event window. This design 

shows how risk models can be used in practice: forecasts are produced using only information 

available at the time (McNeil, Frey, and Embrechts, 2015). 

5.9.2 Software tools 

For this analysis, the following tools from Python will be used: 
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a) Pandas and NumPy: these are widespread libraries to work with raw data 

b) SciPy: This library will be used for fitting the distributions and calculating the quantiles 

c) Matplotlib: This library will be used for calculating the graphs 

 

5.10 Summary 

For this dissertation, we are using a framework to compare different approaches to calculating 

VaR and ES. We specifically predict using Historical Simulation, Gaussian parametric, 

Student-𝑡, and EWMA. VaR and ES are computed at 𝛼 = 0.95 and 𝛼 = 0.99 and a rolling 

window of 250 days. The VaR models are evaluated and then backtested. 

Overall, the methodology is designed to test whether: 

a) Relaxing the standard assumptions via Student-t improves the VaR predictions 

b) Adapting volatility with EWMA would improve the adaptation of models and reduce 

the clustering of breaches, especially in stressed periods where tail forecasting is 

important (Cont, 2001; Kupiec, 1995; Christoffersen, 1998; Basel Committee on 

Banking Supervision, 2019). 

Chapter6 — Data Description 

6.1 Chapter overview 

This chapter will describe the dataset. The main focus will be to discuss the basic characteristics 

of the dataset's normal distribution and to analyze the distribution of predictions from the 

different VaR models across the two confidence intervals evaluated in this dissertation. 

Additionally, we will try to visualize the impact of ES by comparing it with VaR and measuring 

its behavior in tails. Finally, we will demonstrate the returns for the event periods discussed in 

the dissertation's methodology. 

Attribution-NonCommercial-NoDerivatives 4.0 International

http://creativecommons.org/licenses/by-nc-nd/4.0/

https://doi.org/10.26219/heal.aueb.9847



6.2 Describe Out-of-Sample data 

This dissertation uses the daily prices from the S&P 500. For that analysis, daily log returns 

are computed and used to generate one-day-ahead rolling forecasts of VaR and ES. Because 

we used the first 250 observations to make the first prediction, the evaluation period begins 

after that. 

 The length of the whole series in our sample is 3016 days. 

 Out-of-sample evaluation sample for backtesting: T = 2,766 observations. 

In the following table, we present summary statistics for the out-of-sample daily log returns 

over the 2,766 trading days of our dataset. The numbers suggest that the returns align with the 

recent studies in the literature. We can see that the average daily returns are close to 0; they are 

volatile, negatively skewed, and exhibit significantly strong tails, as indicated by the Kurtosis 

(Belhachemi, 2024; Ratliff-Crain et al., 2025; Larralde, 2025). 

These distributional features motivate tail-focused risk measures, and models will work better, 

since extreme losses occur more frequently than what normal distribution assumptions suggest 

(Lazar, Pan, & Wang, 2024). 
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Figure 6.1 — Distribution of Log Returns (Across the whole sample) 

 

Table 6-1 — Out-of-sample return summary statistics (daily log returns) 

Mean Std Min Max Skewness Kurtosis 

0.04% 1.10% −12.77% 9.09% −0.66 19.29 

 

6.3 VaR and ES forecast levels 

In this section, we will evaluate the distribution of one-day-ahead VaR and ES forecasts across 

the models chosen in the methodology. The purpose of this section is to understand how each 

model's modelling assumption relates to the different risk levels before we compare the test 

results with the back-test results. 

6.3.1 Full-sample forecast distribution (VaR) 

The following graph summarizes VaR forecast distributions at α = 95% and α = 99% for the 

four methodologies discussed earlier. We calculate VaR and rank them, with higher VaR 

indicating a more conservative forecast. 

In the graph, it can be seen that: 
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 EWMA VaR typically reacts fastest to volatility changes, and that can be seen from the 

many extreme values that the model produces. 

 Historical Simulation VaR depends on the observations of the previous 250 days, and 

is strongly affected by the volatility of the past. 

 Normal VaR tends to be smoother and can understate extreme tail risk. 

 Student-t VaR has fatter tails, which means that it will have more extreme values as α 

increases, which can also be seen from the graph. There is a big difference in the outliers 

between α = 95% and α = 99% 

 

Figure 6.2 — Boxplots of VaR forecasts 
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6.3.2 Full-sample forecast distribution (ES) 

Figure 6.3 — Boxplots of ES forecasts (α = 95%)

 

In the previous graph, it can be seen that across all methodologies, the model's ES forecast is 

always higher than the corresponding VaR forecast, as shown in the previous section. This is 

absolutely expected because, by nature, ES measures the average in the tail of the return’s 

distribution using quantiles defined by VaR. Based on the graph, this result is more evident at 

α = 99%, where the tail is longer, and extreme losses are more easily seen. Also, from the box 

plots, we can see an apparent increase in the ES value from α = 95% to α = 99%, with broader 

spreads and more extreme outliers, especially for the t-distribution. 

Overall, this figure supports that ES magnifies the model differences when it matters more at 

α = 99%. This effect would be more pronounced in extreme scenarios, under heavy-tailed 

distributions (e.g., Student-t), and when volatility clusters (e.g., EWMA). 

6.3.3 VaR–ES gap behaviour 

In this section, we will focus on the difference between VaR and ES. We define the difference 

as: 

𝐺𝑎𝑝𝑡,𝛼 = 𝐸𝑆𝑡,𝛼 − 𝑉𝑎𝑅𝑡,𝛼 . 

Because, as discussed in the previous chapter, the VaR is just a quantile, while the ES 

represents the average loss beyond this quantile, the gap provides a direct measure of the 

importance of losses once the VaR threshold is breached (García-Risueño, 2025; Daouia et al., 
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2025). Here, a significant gap means that VaR is not just more likely to occur, but, more 

importantly, the expected tail loss is likely to be much worse than VaR itself. 

The following figure illustrates the gap using ECDF curves, making it easy to compare both 

distributions and, most importantly, the behavior of the right tails. We see that at 95%, all 

models show steep ECDFs, which are concentrated and have small gaps, indicating that ES 

typically does not exceed VaR by much during normal market conditions, which is similar to 

the results from Lazar in 2024 and García-Risueño in 2025. 

However, at the 1% confidence level, the distance between the curves is significant, indicating 

that the gap widens further as the α level increases. An example from the graph is the Student-

t type VaR, which shows a slower rise in the ECDF but significantly longer tails, consistent 

with the model's assumptions. By contrast, the model which assumes normality in its 

parameters remains concentrated around small gaps even at α=99%. Historical Simulation lies 

between these two cases because it is wider than the model that uses parameters from a normal 

distribution. However, it does not generate the same heavy tails as the model that uses the t-

Distribution. 

Finally, EWMA produces relatively small gaps between VaR and ES, consistent with volatility 

scaling, which tends to raise both VaR and ES jointly. That means absolute risk levels will 

likely rise in crises, but the difference between ES and VaR will remain relatively small. 

Overall, the graph suggests the 𝐸𝑆𝑡,𝛼 − 𝑉𝑎𝑅𝑡,𝛼  The gap tends to widen at α = 99%, providing 

an additional tool for understanding how VaR and ES behave by summarizing not just whether 

a tail event occurs, but also how severe the damage is expected to be once it does (Lazar et al., 

2024; Daouia et al., 2025). 
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Figure 6.4 — Empirical Cumulative Distribution Function of (ES − VaR) 

 

6.4 Event Analysis 

 

The previous graph illustrates the events this dissertation will discuss. From the chart, we can 

see that the daily log returns are mainly concentrated around zero, but the series includes 

several extreme periods. We can see that these periods are not spread uniformly across time. 

However, in many cases, extreme values are clustered, as seen during the COVID period, when 

the numbers of both positive and negative returns increased significantly. It is also the period 

with the most significant single-day loss over the past 10+ years. 

A smaller but still noticeable increase in the number of shocks in a single period occurred 

during the 2018 sell-off and the war in Ukraine, when the returns exhibit a heavier swing than 

in the periods around the. On the other side, events such as the US debt ceiling in 2023 did not 

have a significant effect on returns. Similar results can also be seen in 2025, where both shocks 

Figure 6.5 – Event analysis 
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from Tariffs and the war did not significantly stress the markets, and their returns did not differ 

significantly from those in other periods. 

Chapter7 — Empirical Results 

7.1 Chapter overview 

This chapter will focus on the results from the methodology presented in the previous chapter. 

The main goal of this dissertation is to analytically examine the VaR and EL models this 

dissertation focuses on, compare them in out-of-sample settings, and explore their specific 

characteristics. The models discussed in this dissertation are Historical Simulation (HS), 

Normal parametric VaR/ES, Student-t parametric VaR/ES, and EWMA-based VaR/ES. 

Forecasts are produced at two confidence levels, α = 95% and α = 99%, using one-day-ahead 

rolling forecasts with a 250-trading-day estimation window. 

Specifically, the focus will be on producing and interpreting backtesting results for VaR and 

ES by counting the number of times each model breaches its threshold and performing tests 

such as the Kupiec unconditional coverage test, the Christoffersen independence test, and the 

conditional coverage test. Also, it will provide an event-window analysis to compare the 

different models under extreme scenarios that have significantly affected markets in the past 

few years. 

7.2 VaR backtesting results 

In this section, we will evaluate VaR accuracy using the backtesting methodology described in 

the methodology. The breach is defined as: 

 

where 𝑟𝑡 is the realised return. If we assume the models have been accurate, the breach should 

be expected to be: (1−α) = 5% for α = 95% and 1% for α = 99%. We should also ensure that 

breaches do not cluster over time or occur at random points throughout our time-series dataset. 
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7.2.1 Breach counts and breach rates 

At α = 95%, expected breaches are: 

(1 − 0.95) × 2766 ≈ 138 

The following table shows the actual times that each model breached their threshold. From 

there, we can see the range of breaches is 5.46% to 6.51%, all above 5% but close to it. The 

most accurate model is HS with a 5.46% breach rate, and the least accurate, with a substantial 

difference from the target, is the Student t distribution. The normal VaR has 157 breaches 

(5.68%), which is higher than the expected rate, while the Student-t VaR has 180 breaches 

(6.51%), the highest breach rate and the one farthest from the actual value. Based on these 

results, we can see that all the Var models are slightly more conservative for this specific period, 

but they are all close to the value, except for the VaR model using the t-Student distribution. 

Table 7-1 — VaR breaches (α = 95%): counts and rates 

Model T Expected Breaches Breach rate 

EWMA 2,766 138 152 5.50% 

HS 2,766 138 151 5.46% 

Normal 2,766 138 157 5.68% 

Student-t 2,766 138 180 6.51% 

At α = 99%, expected breaches are: 

(1 − 0.99) × 2766 ≈ 28. 

In the following table, we present the realised breach rate at the 1% confidence level, recheck 

the number of breaches, and compare them with the expected values. In this case, we can see 

that the models closest to the target are the Vars that use the Student-t distribution and the 

historical distribution, with 48 breaches at a 1.74% breach rate. The other two models, EWMA 

and Normal, suggest that the breach rate is much higher than the actual rate, at 2.28% and 

1.74%, respectively. These results suggest two conclusions: 
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1) The 99% tail seems to be really challenging to capture with just one of these models, 

and models that have been created to be more conservative, like Student-t assumptions, 

fail to predict the correct number of breaches each time. 

2) If we rank across the models, it is clear that the assumptions from the normal 

distribution fail to capture the number of breaches completely, and this is a result that 

we expected and agree with the literature, like the research of Morkūnaitė, Celov, and 

Leipus in 2024. The reason is that the normal distribution assumes thin tails, which do 

not align with the actual returns we observe. 

Table 7.2 — VaR breaches (α = 99%): counts and rates 

Model T Expected Breaches Breach rate 

EWMA 2,766 28 63 2.28% 

HS 2,766 28 48 1.74% 

Normal 2,766 28 79 2.86% 

Student-t 2,766 28 48 1.74% 

To better see the difference between 1% and 5%, we will plot the VaR breaches for these two 

confidence intervals. The graph basically shows, in an easy-to-compare way, the results from 

the previous tables, indicating that all the models had pretty much the same performance at the 

95% confidence interval. However, at 99%, all the rates are significantly higher, with the 

Normal distribution having the highest breach rate. 

 

Figure 7.1 — VaR breach rate
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Overall, breach rates across models are slightly higher than the target at α = 95%, with the 

highest breach rate coming from the model using the t-distribution. At α = 99%, all models are 

significantly above the threshold. 

7.2.2 Kupiec unconditional coverage test 

To formalise the previous indications from the graphs, we provide a test to compare the 

performance of the different models in terms of calibration at 5% and 1% confidence intervals. 

At an α = 95%, the EWMA, HS, and Normal models remain statistically close to our target 

expectation of a 5% breach rate, as indicated by the p-values. Specifically, for these models, 

the p-value is significantly lower than the 5% benchmark, indicating that the null hypothesis 

can be rejected and that these models could, on average, serve as viable VaR options. However, 

if we consider the VaR based on the Student-t distribution, it firmly rejects UC (LRuc = 12.14L, 

p<0.001), consistent with its materially higher breach rate (6.51%).  In practical terms, the 

result suggests that the Student t-distribution is not well calibrated in the full sample used for 

this analysis. That result agrees with a similar result from Cheng in 2025. 

Table 7.3 — Kupiec UC test (α = 95%) 

Model LRuc p-value Decision (5%) 

EWMA 1.39 0.24 Do not reject 

HS 1.19 0.28 Do not reject 

Normal 2.56 0.11 Do not reject 

Student-t 12.14 <0.001 Reject 

 

On the other hand, at α = 99%, the picture is entirely different. Here, the null hypothesis can 

be rejected across all the models. LRuc across models is relatively high, and that makes the test 

sure that these models cannot capture the risk at the 1% tail.  From the table, we can also see 

that the normal distribution has the highest score, which aligns with the higher breach rate and, 

once more, suggests that its assumptions cannot capture real-world scenarios. Overall, when α 

= 99%, results suggest a common problem: even when models work well in lower confidence 

levels, the extreme tail calibration is way more complex, and that is also baked into other recent 

empirical suggestions like the one from Goel, Pasricha, and Kanniainen 2025 
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Table 7.4 — Kupiec UC test (α = 99%) 

Model LRuc p-value Decision (5%) 

EWMA 33.49 <0.001 Reject 

HS 12.39 <0.001 Reject 

Normal 64.10 <0.001 Reject 

Student-t 12.39 <0.001 Reject 

7.2.3 Christoffersen independence test 

The Christoffersen is a powerful tool in our analysis, because it adds what is missing from the 

Kupiec test, which is the timing of the breaches, and shows which model behaves better when 

the clusters are happening in specific periods. In our dataset, the results are strong and indicate 

which model better handles the clustering issue at α = 95%. However, in the α = 99% 

confidence interval, all models reject the null hypothesis at 5% confidence level. 

At α = 95%, the EWMA is the only model that does not reject the null hypothesis. It has a Lrind 

of 1.59, which gives a p-value of 20.7%.  This suggests that this model also tracks well the 

changing trend in volatility conditions and can better adjust in terms of timing compared to the 

other models. This is consistent with the intuition that models that are built to adapt to volatility 

can significantly reduce breach clustering and respond more quickly when variance shifts 

(Likitratcharoen, 2024). 

Contrary to HS, Normal, and Student-t, all strongly reject the independence at the 5% level (p 

< 0.001 for all). This indicates that their breaches are not randomly distributed over time, but 

instead occur in bursts. That means that even if the models' breach rate is close to the target 

breach rate, a sudden jump in volatility would still indicate that the models' risk forecasting is 

not adjusting to the event. This type of clustering, as it has been referred to in the previous 

chapters, is a well-known empirical feature and points out the emphasis on more diagnostic 

patterns that focus on the clusters (Balter & Ziegel, 2024) 

At α = 99%, all models reject independence, including the EWMA, with a p-value of 1.6%. 

These results make sense because at 1% tail, breaches mean intense stress episodes in the 

markets, and market conditions change drastically. The fact that EWMA could not properly 

adapt to the clusters at 99% suggests that capturing the most extreme tail is significantly more 
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difficult than the 95%. For the other models, the LRind value suggests that, under their 

assumptions, capturing the far tail of returns is a difficult challenge. 

Table 7.5 — Christoffersen independence (α = 95%) 

Model LRind p-value Decision (5%) 

EWMA 1.59 0.207 Do not reject 

HS 26.16 <0.001 Reject 

Normal 23.12 <0.001 Reject 

Student-t 26.51 <0.001 Reject 

 

Table 7.6 — Christoffersen independence (α = 99%) 

Model LRind p-value Decision (5%) 

EWMA 5.78 0.016 Reject 

HS 19.16 <0.001 Reject 

Normal 15.92 <0.001 Reject 

Student-t 14.54 <0.001 Reject 

7.2.4 Conditional coverage test 

The conditional coverage test combines the Kopiec UC and the independence test into a joint 

assessment. Based on the following tables, we can draw overall conclusions for each VaR 

model. EWMA is the only model that does not reject the null hypothesis with an LRcc = 2.98, 

yielding a p-value of 22.6%. In contrast, all the other models strongly reject the null hypothesis 

at any confidence level. This finding agrees with the results from the Christoffersen and Kupiec 

tests, which means, once more, that his model is the only methodology that can jointly satisfy 

the two criteria in the full sample. On the other hand, models like HS or Normal do not reject 

the null at the 95% level. The rejection suggests that the model's calibration does not hold over 

time. This is in line with recent empirical evidence showing that models that rely heavily on 

assumptions from a static distribution may appear acceptable under failure rate checks. 

However, they will massively fail once the timing of the breaches is taken into account, and 

that phenomenon is more present during volatility clusters (Hué, Hurlin, & Lu, 2024). 
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At α = 99%, the results become clear and the same across all models. Here, we reject the null 

hypothesis across all the VaR methodologies. That implies that, in the extreme tails, none of 

the four models was sufficient to reproduce the exception that would cover the joint coverage 

test. The magnitude of the test statistic also provides a ranking that helps us better interpret the 

results. From that core, we can see that the worst, by far, with more than double the score of 

any other model, is the VaR that uses Normal distribution parameters. In contrast, the best 

model is the VaR based on the Student-t distribution, as it naturally has fat tails that better 

capture extreme scenarios. However, none of these models capture these scenarios well 

enough. 

Table 7.7 — Conditional coverage (α = 95%) 

Model LRcc p-value Decision (5%) 

EWMA 2.98 0.226 Do not reject 

HS 27.35 <0.001 Reject 

Normal 25.68 <0.001 Reject 

Student-t 38.64 <0.001 Reject 

 

Table 7.8 — Conditional coverage (α = 99%) 

Model LRcc p-value Decision (5%) 

EWMA 39.27 <0.001 Reject 

HS 31.55 <0.001 Reject 

Normal 80.03 <0.001 Reject 

Student-t 26.93 <0.001 Reject 

7.2.5 Ranking summary 

The following table summarizes the results from the previous tests and ranks the 

different models. At α = 95%, the overall ranking across the model is quite clear. Here, 

the best model by far across all tests is the EWMA, which passes across the whole 

test. It has a nominal breach rate close to expectations, and it is the only model without 

significant clustering of expectations at this level. HS and Normal also have breach 

rates close to the target; that is why they pass the UC test, but both models fail when 
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backtesting focuses on independence and conditional coverage. Finally, the Student-

t model performs worst: at 95% decay, it fails across all tests, produces too many 

breaches relative to the actual, and shows strong evidence of clustering issues, 

leading to clear rejection for this type of analysis. To summarise, at 95%, the results 

suggest that an EWMA model is the best approach for relatively stable day-to-day VaR 

performance. 

At α = 99%, the results change significantly. When we talk about the extreme tail, no model 

performs satisfactorily on the full sample. All models reject the null hypothesis across all tests. 

That means the far-tail violations are too frequent relative to the model's predictions and are 

concentrated in crisis periods rather than arriving evenly over time. While the breach rate across 

the models ranges from 1.74% to 2.86%, the conclusion is that none of the selected models is 

properly calibrated and provides reliable calibration at the 99% level. 

 

Table 7.9 — Summary Table (VaR) 

α Model 
Breach 

rate 

UC 

(Kupiec) 
Independence 

Conditional 

coverage 

Overall 

comment 

95% EWMA 5.50% Pass Pass Pass Best overall 

95% HS 5.46% Pass Fail Fail 
Clustering 

dominates 

95% Normal 5.68% Pass Fail Fail 
Clustering 

dominates 

95% Student-t 6.51% Fail Fail Fail 

Too many 

breaches + 

clustering 

99% All 
1.74%–

2.86% 
Fail Fail Fail 

Extreme tail 

not captured 
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7.3 Expected Shortfall evaluation 

ES is more difficult to backtest than VaR because there is no simple breach percentage to 

calculate like VaR for ES alone. ES is therefore evaluated using a joint VaR–ES calibration 

statistic. 𝑍𝑡, which is defined in the methodology chapter. Under correct calibration of the VaR–

ES pair, the key condition is: 

𝐸[𝑍𝑡] = 0. 

7.3.1 Full-sample ES calibration results 

The following two tables summarise the results from the ES calibration, using the sample mean 

of 𝑍𝑡 Moreover, a t-test of whether this mean is different from zero. At α = 95%, HS and 

Student-t have means closer to 0, and the test also suggests that their VaR-ES calibration is 

correctly calibrated in the full sample at the 5% confidence level. On the other hand, both 

EWMA and Normal distributions yield a very small p-value, so we can conclude that their 

means are significantly greater than zero. 

At α = 99%, the calibration problem is larger for some models, such as the EWMA and Normal, 

which both have statistically significant non-zero means, and the t-statistics are larger than at 

α = 95%. However, the Student-t model performs better at this level, with a p-value of 73%, 

and, together with the VaR from HS, it better captures the EL dynamics in the models. 

Overall, the two tables suggest that ES calibration is more challenging at α = 99%, as expected, 

because losses are rare but significant there, and the best model to capture these losses is VaR, 

which accounts for fatter tails. 

Table 7.10 — ES calibration summary (α = 95%) 

Model T Mean 𝒁𝒕 t-stat p-value Interpretation 

EWMA 2,766 0.0046 3.33 <0.001 Mean differs from 0 

HS 2,766 0.0029 1.10 0.273 Not significantly different 

Normal 2,766 0.0070 2.73 0.006 Mean differs from 0 

Student-t 2,766 0.0016 0.52 0.603 Not significantly different 
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Table 7.11 — ES calibration summary (α = 99%) 

Model T Mean 𝒁𝒕 t-stat p-value Interpretation 

EWMA 2,766 0.0173 4.00 <0.001 Mean differs from 0 

HS 2,766 0.0113 1.50 0.133 Not significantly different 

Normal 2,766 0.0278 2.74 0.006 Mean differs from 0 

Student-t 2,766 −0.0030 −0.34 0.733 Not significantly different 

 

7.4 Event-window results 

This section shows how various VaR models behave during predefined important events in the 

stock market. The key objective is to assess whether model performance differs significantly 

in crises compared to normal conditions, as tail risk estimation is most important during such 

episodes. 

7.4.1 Event windows included 

For this analysis, we include the following events, as discussed in the methodology. We are 

trying to cover the event period and the period immediately after to observe how markets and 

returns adjust during and after the event. 

Table 7.12 — Event windows and number of observations 

Period Start End Observations (T) 

Q4 2018 Sell-

off 
01/10/2018 31/12/2018 63 

COVID Crash 20/02/2020 30/04/2020 50 

Ukraine Shock 24/02/2022 31/03/2022 26 

SVB Banking 

Stress 
08/03/2023 31/03/2023 18 
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US Debt 

Ceiling 
01/05/2023 15/06/2023 33 

Tariff Shock 02/04/2025 10/04/2025 7 

Middle East 

Tensions 
13/06/2025 30/06/2025 11 

 

7.4.2 Forecast level behaviour during stress 

During periods of stress, VaR and ES levels rise sharply. EWMA typically responds quickly to 

volatility spikes, whereas HS may show lag due to equal weighting within the historical 

window. Parametric Normal forecasts can understate tail outcomes in crisis regimes, while 

Student-t is designed to allow fatter tails, which may increase forecasted tail losses. 

At α = 95%, the number of breaches depends on the events; for some events, we observe 

multiple breaches, as discussed in the previous section and also in the literature. The best model 

that fit them as expected was EWMA, because it adjusted to volatility more quickly. In some 

cases, such as the Middle East war, the movement in the returns was not particularly significant, 

and there was no breach at all. 

For α = 99%, we observe that during periods of extreme volatility, such as the COVID crash, 

the EWMA adjusted much faster to volatility than the other models, both during the crash and 

after it. Also, the main model generally worked well across all events for both VaR and ES. 

The Student-t VaR model seems to perform at the same level as the normal distribution and 

HS, but it is much more conservative regarding the loss rate. Here, the values become extreme 

as volatility increases, as seen during COVID, when the loss rate reached almost 20%. 

Overall, EWMA seems to be the most stable model, better adjusting to risk scenarios and 

responding faster to market conditions. It works pretty well from both VaR and ES perspectives, 

and its dynamic volatility addresses the main issue with other parametric models. From the 

graphs, we can once again conclude that the VaR based on Gaussian assumptions performs the 
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worst, a result that is not unexpected, as we expected a volatility cluster for this type of event, 

as discussed in the previous section. 

Figure 7.2 — Events zoom-in analysis (α = 95%)
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Figure 7.3 — Events zoom-in analysis (α = 99%)

 

 

7.4.3 The best model during the backtest period 

At α=95%, EWMA is the best-performing model, with an accurate breach rate of 5.5%, and 

none of the tests in the dissertation rejected the null hypothesis, making it the most reliable 

across all conditions. HS and Normal, even if they have breach rates close to actual ones, they 

fail to account for independence, while Subtend fails to pass all the tests. At 99%, no model 

can pass any test, suggesting that other methodologies should be applied in these types of 

scenarios. 

Attribution-NonCommercial-NoDerivatives 4.0 International

http://creativecommons.org/licenses/by-nc-nd/4.0/

https://doi.org/10.26219/heal.aueb.9847



7.4.4 The best model during the event analysis 

For the event-based analysis, the results suggest that calibration is more challenging 

during market distress, particularly during COVID. However, we can easily see that 

the model that best adjusts to the new conditions is still the EWMA, making it more 

robust in these scenarios. The results show extreme deterioration in calibration during 

crises, particularly during COVID. EWMA tends to be relatively more robust in stress 

(lower breach rates than alternatives at α=95%), consistent with its volatility. However, 

at α=99%, all models fail during crisis windows, suggesting that modelling rare-tail 

outcomes remains highly challenging. 

7.5 Summary 

This chapter presents the complete set of empirical results for the four VAR/ES 

forecasting approaches that were examined in this dissertation. Historical Simulation, 

parametric Normal, parametric Student-t, and EWMA, using one-day ahead forecasts 

with a 250-day estimation window at confidence levels α = 95% and α = 99%. In this 

analysis, we have combined a breach-rate analysis with a proper backtest for both 

VaR and ES. 

For VaR at α = 95%, all models produce rates close to the theoretical rate. However, as it has 

noticed from the Christoffersen test, the timing of the breaches was wrong. EWMA is the only 

model that performs consistently well across all the backtests that we used in the analysis. For 

the remaining models, such as HS and Normal, we can accept them only if the focus is on the 

acceptance rate. Finally, the Student-t VaR is the worst-performing model at the 95% 

confidence level, as it fails all backtesting tests. 

At α = 99%, the main conclusion of the results is that none of the four VaR models can capture 

the fat tails of the returns distribution. All models have significantly higher breach rates than 

the expected 1, ranging from 1.74 to 2.86%, and all fail in all backtesting tests. 

For the ES, because simple backtesting tests could not be applied easily to VaR, we used the 

VaR–ES calibration statistic Z test. The results here showed a more mixed picture. The best 

model here was the Student-t; it has assumptions for fatter tails, which work better for 

estimating the loss rate. 
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Finally, when analysing the event window, we reconfirmed the results we reported for the 

whole sample. The models' weaknesses become more apparent during periods of stress, when 

tail risk estimates are most needed. Across large spikes, such as those from COVID and other 

shocks, EWMA seems to be the clear winner, quickly adjusting to volatility and capturing it 

more effectively. At the same time, the other models lag due to their strict assumptions and 

parametric inputs. 

Overall, the evidence supports the idea that, to rank these models, we need to consider the 

confidence level and the risk measure we want to focus on. For VaR calculation, EWMA 

appears to be the most robust, especially at the 95% confidence level. However, for α = 99%, 

no model works well enough under these scenarios. Regarding ES, the best model for capturing 

fat-tail losses is the Student-t distribution because it assumes fatter tails, which can better 

capture the actual risk in markets. 

Chapter 8 - Conclusion 

The primary focus of the dissertation is to evaluate and measure how well different risk models 

forecast one-day-ahead downside risk for an equity benchmark, specifically the S&P 500. The 

main risk metrics this thesis will work with are Value-at-Risk and Expected Shortfall. This 

motivation is coming from sources. Firstly, equity returns are well known to have fat tails and 

their volatility clusters, meaning that simple assumptions for parametric distributions can 

underestimate the risk exactly when risk management matters most, during economic distress. 

Secondly, regulation and current frameworks treat VaR and ES jointly, meaning that a proper 

risk measure must not only account for the frequency and timing of VaR, but also whether the 

VaR-ES pair is correctly calibrated in the tail. The overall objective was therefore to compare 

alternative VaR/ES models and identify which methods are more robust across normal 

economic times and stressed scenarios. 

8.1 Building the dataset 

In the dissertation, a rolling out-of-sample framework was constructed using the daily S&P 500 

prices from Refinitiv DataStream, and covers the period from 2015 to the end of 2025. From 

these prices, daily log returns were computed and used to obtain one-day forecasts with a 250-

day rolling window, yielding an evaluation over 2766 observations. For these out-of-sample 
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observations, risk for cases is calculated for two confidence intervals, α = 95% and α = 99%. 

Four models were calibrated and compared: Historical Simulation (HS) as a non-parametric 

benchmark; the Gaussian parametric VaR/ES as a classical simple baseline; the Student-t 

parametric VaR/ES to allow heavier tails; and the EWMA-based VaR/ES to capture time-

varying volatility and volatility clustering. These models were chosen because they try to 

correct different problems that the basic VaR/ES model has. 

8.2 Data Description 

After examining the returns of S&P over the past decade, we can see that over these 2766 days, 

the returns had a near-zero mean, high volatility, negative skewness, and significant Kurtosis 

with heavy tails. These results provide a reason why some pure Gaussian frameworks may fail 

in the extreme scenario and why potential models that account for the volatility changes may 

be more accurate. This dissertation formally examines the backtests of the different models. It 

provides a descriptive analysis that shows the distribution of VaR/ES models differs 

significantly across the selected models. For example, EWMA tends to react more to volatility 

spikes, as shown by the wider box plot and the more extreme values it exhibits. Also, we can 

see that Student-t has heavier tails than the simple normal distribution, especially at α = 99%. 

The Var-ES gap analysis also demonstrated differences across these models, as this graph 

makes it more evident that α = 99% Es can push the model divergence further into the tails. 

8.3 Backtesting Results 

The main findings focus on the backtesting of VaR and ES models in the full sample periods. 

There, we can see that at α = 95%, the expected number of breaches is approximately 138. The 

empirical breach rates for EWMA, HS, and the normal distribution were quite close; for the 

Student-t distribution, they were slightly higher. When we formalised using the Kupiec 

coverage test, EWMA, HS, and Gaussian did not reject the null of correct coverage at the 5% 

significance level. In contrast, the Student-t test was rejected, indicating it was not calibrated 

correctly. However, the results were not as positive when the timing of the breaches was also 

taken into account. The Christoffersen independence test showed that EWMA was the only 

model that did not reject the null hypothesis, meaning that its excursions were closer to being 

randomly distributed throughout time. HS, normal, and student-t all rejected the null 

hypothesis, which means that they could handle correctly clustered exceptions and quick 
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changes in the volatility. The combined coverage test showed that at α = 95%, EWMA was the 

only model that did not reject the joint requirement of correct frequency and independence. All 

together, these results suggest that, in practice, most VaR validation models will be acceptable 

when only the breach count matters, but robustness requires accounting for breach timing. In 

this area, only the EWMA model, which accounts for validity changes, has a clear advantage. 

At α = 99%, the findings were the same across all the models. The expected number of breaches 

for this period should be 28; however, all the models produced a significantly higher breach 

rate, indicating that the far-left tails were not captured properly. The Kupiec test rejected the 

null hypothesis for all the models, and the Christoffersen test with the conditional coverage test 

also had the same results. Examine these results further, and we could see that Student-t and 

HS were relatively less poor but still failed. The worst-performing model was the normal 

distribution, which is consistent with its thin-tail assumptions.  From those results, we can see 

that none of the models captured these extremely rare events, because such events are rare and 

tend to occur in bursts during a crisis. Therefore, although EWMA was robust at α = 95%, none 

of the selected models delivered acceptable results. 

The second set of findings is related to the ES evaluation, where the dissertations have used 

the joint-Var ES calibration statistic to measure the breaching count. At a 95% confidence level, 

HS and Student-t produced calibrations closer to zero and showed no significant deviation from 

zero; EWMA and Gaussian showed significant deviations from zero. At α = 99%, the Student-

t remains the strongest performer in terms of ES calibration, something that is consistent with 

the intuition that heavier tails usually mean better tail calibration. These results suggest an 

important result. The best model can depend on the metric we evaluate each time. EWMA 

performed best for VaR timing and joint Var test at α = 95%, but Student-t performed better for 

capturing ES tail stability and VaR-ES calibration, especially at α = 99%. 

8.4 Event Period Analysis 

The event window analysis provided additional evidence that model performance is highly 

affected by timing. The dissertation examines various stressed periods, such as the COVID 

crash, the Russia-Ukraine war, and other important events that have affected markets since 

2014, and compares the examined models across these scenarios. Across these events, VaR 

forecasts rose significantly, yet each model responded similarly. EWMA tended to adjust most 

quickly during volatility spikes, while HS often lags because of its simpler model. Gaussian 
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forecasts were the most vulnerable during stress, because they understate the tail risk. As 

expected, we observed that not all events had the same level of stress; some showed extreme 

volatility and clustered breaches, while others had a limited impact. Overall, the event analysis 

suggests that model weeks are more visible during a crisis, and that the full-sample analysis 

can sometimes hide performance issues in the models. 

8.5 Hypotheses Evaluation 

The empirical results provide clear answers to the hypotheses we set in Chapter 4. 

H1. In our sample period, EWMA is the most robust VaR model at α = 95%, because it is 

the approach that rejects none of the selected tests, while all the other selected models 

fail to reject tests related to the timing of breaches. So, for α = 95%, the selected models 

are indeed the most robust. On the other hand, as described before, at α = 99%, no 

model was robust enough to withstand the extreme left tail of the distribution, which 

means the hypothesis is rejected at the 99% confidence interval. 

H2. This hypothesis is supported overall. We can see, on multiple occasions, that the models' 

performance is worse during stress event windows than in the full sample; in most 

cases, VaR and ES levels rose significantly.  

H3. This hypothesis is also strongly supported: across all model calibrations, it is much 

more difficult to achieve a 99% confidence interval than a 95% one; the models exhibit 

a significantly higher breach rate at 1% than at 5%. All the backtests reject the null 

hypothesis, and ES calibration becomes more difficult because tail observations tend to 

cluster during stressed periods. 

8.6 Limitations 

Despite the contributions of this thesis, several limitations should be taken into account. For 

example, in this empirical analysis, we use only one asset as a proxy for the US markets, 

specifically the S&P 500. While this asset is commonly used for risk management analysis, it's 

important to note that results would not necessarily be the same if other asset classes or indexes 

were included. Secondly, in the methodology, we use a 250-day rolling window. This number, 

even if it's a standard form for evaluating risk metrics, remains an assumption, and different 

event windows could alter the models' responsiveness and, in turn, change the final results, 

especially at α = 99%. Thirdly, the ES backtesting evaluation depends on the joint calibration 
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statistic and a mean test; different ES backtesting methodologies could give different results. 

Finally, the chosen event periods were also a modelling choice; they are fixed data periods and 

may not perfectly match the true event boundaries, leading to some windows with relatively 

few observations. 

8.7 Future Research 

The limitation from Chapter 8.6 could motivate many future research opportunities. A natural 

extension of this dissemination would be to evaluate the performance of these models on other 

indices or portfolios and to stress-test them, especially during the event windows discussed. 

Another extension would be to introduce more sophisticated volatility models or tail dynamics, 

such as Extreme Value Theory (EVT), which may be a game-changer, especially at α = 99%. 

Finally, promising future research would be to treat risk forecasting as a solely event-based 

problem and to take advantage of machine learning techniques, such as Support Vector 

Machines, to better categorise events and more accurately predict model performance. 

8.8 Summary 

In summary, this dissertation provides empirical research of VaR and ES models, under an out-

of-sample setting, and shows that the selection of the model is really important, especially when 

the risk metrics matter most, and that is during economic distress markets. The evidence 

suggests that EWMA is the most robust model at α = 95%, because it accounts for volatility 

clustering in returns, but at α = 99%, all the examined models fail to properly calibrate to the 

data. For ES, we find that the most effective model is ES, a result that makes sense given its 

fat-tailed assumptions. The broader implication for regulators and practitioners is that, when 

building risk metrics, more than one metric is usually necessary to draw safe conclusions about 

expected tail risk. Different models can be useful for different scenarios and better capture the 

risk. 
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