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Abstract  

Amid financial crises, the risk of losing money from the investing activity is 

higher due to the volatility of the market, and unpredictable movements of the prices. 

Thus, methods for risk measurement such as Value at risk and expected shortfall, help 

investors and fund managers to prepare for the potential losses and hedge 

accordingly. This paper summarizes the last three major crises (dot com bubble, the 

housing market bubble, and healthcare crisis) in an attempt to decide which of them 

induced the highest market risk, by applying Value at risk and expected shortfall 

methods to S&P 500 index. Knowing the past and learning from how the stock market 

moved during these crises help the investors to prepare for future crises. 
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1. Introduction 

 A financial crisis occurs when there is a credit abundance on the 

market, the interest rates are low, the capital from abroad is attracted and there 

is a euphoric sentiment of the thinking” all will go up” (Goodnight & Green, 

2010). The authors choose the dot cum bubble, subprime mortgage, and 

healthcare crisis because these are the most recent crises which affected the 
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financial system all over the world in the last 2 decades. This decision is also 

based on the fact that going back in time too much cannot be relevant for the 

present, and therefore the authors decided on the most important crisis from 

the last 20 years. The dot com bubble, according to analysts, started when the 

Netscape IPO traded from $28, it achieved the high of $75 the same day and 

the closing price for that day was $58.25. The analysts called this moment 

”day one of the internet bubble” or “the Big Bang of the Internet stock 

bubble” (DeLong & Magin, 2006), being also known as the Internet Bubble 

when lots of investors put money into the internet`s IPO eager for a high 

return (Tucci, 2014). The magnitude of the crisis was so high that Nasdaq 

Index increased from 1,000 in 1995 to 5,406.60 (10th of March 2000), but in 

April 2000 NASDAQ lost almost 34.2% (McCullough, 2018). After the 

internet bubble burst the stock market followed a decline because lots of 

investors lost their wealth during the descending stock market movement 

(Brown, 2021).  

 People are irrational, they started to invest based on hopes and 

believes like technology is the future of our era, which is completely true, but 

what they did is just to overvalue many tech companies and created a bubble; 

people invested more and more just because they thought the tech sector 

cannot do down. On the same thinking of “all will go up” (the prices of the 

assets were up in the post period of the beginning of the 2007-2008 financial 

crisis), many analysts thought that “this time is different”, but it was not (Duca 

& et al, 2010)). The guilty groups for the subprime mortgage crisis were 

banks, hedge funds and insurance firms, where the banks, and hedge funds 

developed mortgage-backed securities, and insurance firms covered it through 

credit default swap (Amadeo K., 2020). The environment was favorable for 

borrowing money because the interest rates were low, inflation was low too, 

and Asian investments in US treasury securities made mortgages look cheap 

(Keeley & Love, 2010). 

 Now, society is fighting a pandemic, with a virus that changed the 

world and the way in which functions. COVID-19 had a tremendous influence 

on the financial market being a systemic risk (Rizwan & et al, 2020), cannot 

be predicted and you cannot mitigate such a situation.  The COVID19 

pandemic influenced the stock exchange's performance which shows the effect 

of accelerating trends, the expanding gap among the winners and the rest, as 

well as a stream of value to the mega players (Stumpner & Bradley, 2021). 
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 The COVID-19 pandemic has seriously disrupted financial markets 

and the economy all over the world. This rare event, called “black swan”, have 

led to large monetary and fiscal policy interventions (Mueller et al., 2021). 

The response of the financial markets to the Covid19 is similar to the response 

to preceding financial crises rather than to prior pandemics (Izzeldin et al., 

2021). 

 All financial crises are very hard to predict, particularly those that are 

called “black swans” (Taleb, 2010) whose risk of occurring is very low. For 

example, in 2008 what happened was a six-sigma event which should happen 

once at 6849 years (Jones, 2008), but it affected the financial industries and 

households all over the world due to the interconnectedness of the financial 

sector with the real economy and economic globalization. 

 There is a myriad of methos for measuring the risk, but the paper will 

focus on value at risk (VaR) and expected shortfall (ES). VaR is a 

measurement that computes the amount of possible financial losses inside a 

company, financial portfolio, or position across a specific time period 

(Linsmeier & Pearson, 2000). ES is a method for assessing the risk for 

evaluating the credit or market risk of a portfolio, where the ES at q% level is 

the expected return of the financial portfolio in the worst q% of cases (Acerbi 

& Tasche, 2002). The ES is an alternative to the VaR and is more sensitive to 

the shape of the tail of the loss distribution (Tasche, 2002). The authors choose 

the VaR and ES because these are simply, but accurately ways of assessing the 

risk, and can be used by all retail, but also, institutional traders without using 

complicated computations, therefore each trader can apply a more scientific 

risk assessment model to its trading system.  

 The aim of this paper is to measure the market risk for the most 

widely used global financial benchmark, S&P 500, the leading US stock 

market index, during the three-crisis period (dot com bubble, houses bubble, 

and healthcare crisis – COVID-19). The approaches is that it will measure the 

risk during the overall period (from the dot com bubble until December 2020) 

and on separate periods during each of these 3 crises with the main assumption 

that the COVID-19 healthcare crisis has ended on 10/12/2020.The 

measurement of risk over this 3-time period is crucial because according to 

research approximately 90% of the fund managers cannot beat the market 

(Rosenberg, 2020), thus retail investors that invest passively in market can 

outperform the active funds managers through passive investing. In 2020, 57% 

of the domestic equity funds underperformed the S&P Composite 1500, while 
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the turmoil and financial disruption produced by the COVID19 pandemic 

offered numerous opportunities for passive investors (Liu & Sinha, 2021). 

Furthermore, for the small-cap USA active fund investors the performance 

was even worse because 88.06% underperformed the S&P SmallCap 600 

(Coleman, 2021).  

 

2. Literature review 

 Because we live in an interconnected world, a financial crisis that 

happens in a country might affect all the financial system all over the world, as 

the market crash from the Mexican crisis (1994), the Asian financial crisis 

(1997 – 1998), or the Russian debt crisis (1998) to the Greek default financial 

crisis and spread instability around the international financial system (Bala & 

Takimoto, 2017). 

 Measuring the risk during a financial crisis can be difficult because 

the magnitude of the impact of the crisis on the financial system differ from 

crisis to crisis (Goodnight & Green, 2010). Risk becomes a part of everyday 

life, for both companies and people, but the main focus of this paper will be on 

assessing market risk during a financial crisis using VaR and Expected 

Shortfall, but for measuring the risk, there can be also used methods, such as 

Conditional Value at Risk, Spectral measures of Risk and Expectile, financial 

ratios analysis, and so on (Misankova et al., 2014).  

 For measuring the asymmetric, but also the dynamic risk during the 

last subprime crisis there was used the generalized autoregressive conditional 

heteroskedasticity process for creating an asymmetric contagion prototype, 

and then there were used Monte Carlo and Markov chain (Zhou, 2016). The 

research focused on studying the 2 metals futures on the Chinese financial 

market during the mortgage crisis. 

 Another research on assessing market risk during the financial crisis is 

the study of the impact of the mortgage crisis on the S&P 500, the well-known 

USA benchmark (Loviscek & Riley, 2013). The research focused on the 

following risk categories as active risk, market risk, and the last one is the 

residual risk prior to and in the course of the financial crisis.  

 A study where VaR was used is in the attempt of measuring the 

performance of the stock market using VaR in CEE and developed countries 

during the subprime mortgages crisis, and the results indicated that VaR is a 

better method of measuring the market risk for the developed countries than 

the CEE countries throughout the pre-crisis period time, whereas through the 
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crisis period the outcomes were contradictory to the prior results (Miletic & 

Miletic, 2016). 

 A measurement of the risk of the large USA banks before, during, and 

after the subprime mortgage financial crisis based on VaR measurements, 

including the GARCH model, showed that the USA large banks VaR may 

perhaps be improved using the time-varying volatility models, and constructed 

on banks’ data of their existing positions (O'Brien & Szerszen, 2017).  

 

3. Data and research methodology 

 The data for this research were collected from Yahoo Finance between 

03/01/1995 to 10/12/2020. The data are closing daily price data of the S&P 

500; there are 6526 values as observations used for the analysis of the risk 

during the three crises:  

a. Dot com bubble: the period analyzed for the dot com bubble is 

03/01/1995 – 01/01/2002 (Whitefoot, 2017); 

b. Housing bubble: the period chosen is 01/01/2006 – 01/12/2010 

(Amadeo, 2020; (Andrews, 2018); 

c. Healthcare crisis (COVID-19): the period for analysis is 01/12/2019 – 

10/12/2020; the first death in the US, where the index is listed, 

happened in February 2020 (Baker & Fuller, 2020), but the situation 

about the virus was transmitted to the World Health Organization by 

Chinese authorities in December 2019 (Jerving & Ravelo, 2020).  

 The overall period includes all three crises and helps the reader to 

understand the risks of investing in the S&P 500 at the beginning of 1995 and 

hold it for a long time period (25 – 30 years) or to buy and sell S&P 500 

before and after such unpredictable events that, by their nature, are difficult to 

forecast and include in investing decisions. 

 For a better understanding of the financial risks associated to passively 

investing in the S&P 500, we will use 4 measurements of risk: one for the 

whole period and other three measurements for each of the three crises 

mentioned above. In this paper, risk measures used are Value at Risk (VaR) 

and Expected Shortfall (ES). Value at Risk was created in 1994 by JP Morgan 

Bank for measuring the risk as the maximum loss that a financial institution 

might incur with an X% probability and a specific confidence interval for a 

particular time interval (Wong, 2013). The analysts use VaR because this 

measure summarizes the risk into one value (Pearson & Linsmeier, 2000). 
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 VaR can be described as a number of standard deviation from the 

mean, using a specific confidence interval of 95% (there is a 5% that the 

losses will be greater than the VaR) or 99% (there is a 1% probability that our 

loses will be higher than the VaR); for the 95% confidence level the value for 

standard deviation (σ) is -1.645 and for the 99% confidence interval the value 

for standard deviation (σ) is 2.326 (Redhead, 2008). 

 
Figure 1. VaR under the normal distribution with a 95% confidence level 

 
Source: (Angelidis & Degiannakis, 2009) 

  

 The main assumption behind VaR is that the returns of a stock follow 

the normal distribution, thus the mean of the distribution (µ) 0 and σ =1; 

N(0,1) under the normal distribution. Figure 1 shows the calculation of VaR 

for a probability (p) where p = Pr(yt<=VaRt
(1-p))=5%. Thus, VaRt

(1-t) is equal 

with σ = -1.645, under the assumption mentioned above (N(µ, σ) ~ N(0,1)) 

(Angelidis & Degiannakis, 2009). A criticism of VaR is that the VaR does not 

indicate the worst scenario which can occur, it indicates just the potential loss 

at a specific confidence interval (Hu, 2019). 
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Figure 2. VaR and ES under the assumption of the normal distribution returns 

 
Source: (Angelidis & Degiannakis, 2009) 

  

 Expected Shortfall (ES) represents a better way to measure the risk 

than VaR because, usually, investors are curious about how much they can 

lose when investing. Thus, investors are interested in the worst scenario after 

investing and ES helps by measuring the tail risk, i.e., the highly improbable 

but possible risk of a rare event such as a dot com bubble, housing market 

bubble or a pandemic event. Hence, ES shows the investor or the fund 

manager the expected loss if a rare event happens. Therefore, under the normal 

distribution (N(µ, σ)~N(0,1), ESt
(1-p)=-2.061 and VaRt

(1-p) for a probability of 

5% and a confidence level of 95% (Figure 2).  For analyzing the data RStudio 

was used. Additionally, there is going to be used the GARCH (generalized 

autoregressive conditional heteroskedasticity) model too which is an 

econometric measurement that estimates the volatility (risk) in the financial 

markets (Lamoureux & Lastrapes, 1990). Heteroskedasticity defines the 

fluctuating pattern of the difference of an error term or variable in a statistical 

model (Tse, 2000). In essence, if there is heteroskedasticity, the observations 

don’t follow a linear model (Brooks et al., 2001). Instead, they tend to group, 

forming a cluster. All the statistical methods mentioned above are applied to 4 

periods as follows: the dot com bubble (03/01/1995 - 01/01/2002), the housing 

bubble (01/01/2006 - 01/12/2010), the pandemic period (01/12/2019 - 

10/12/2020), and to all periods analyzed (03/01/1995 - 10/12/2020). The 

confidence level used is 1% and 5%. 
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4. Main results and discussion  

 The significance levels used for VaR, and ES are 5% and 1%. For 

calculating µ and σ there we used log-returns because the log returns are time 

consistent (time additive). The daily closing prices of the S&P 500 (GSPC) for 

all 4-period can be observed in Figure 3 and the log returns in Figure 4. 

 
Figure 3. The daily Close price of S&P 500 (GSPC) for all periods analyzed 

 
Source: Authors’ representation 

 

Figure 4. Daily log returns of S&P 500 

Source: Authors’ representation 
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 As mentioned above, there is a strong assumption when one calculates 

VaR, respectively that the series distribution follows the normal distribution. 

Before calculating VaR and ES we have tested the S&P 500 returns for the 

normality for their distribution – see Figure 5.  

 
Figure 5. The daily closing price of S&P 500 distribution 

 
Source: Authors’ representation 

 

 For the normal distribution there is a specific function called the 

probability density function: 

  (1) 

 Where: 

σ = standard deviation 

π = is approximately 3.14159 

e = is approximately 2.71828 

x = a normal random variable 

µ = mean 

 For all periods analyzed Table 1 shows the descriptive statistics of the 

S&P 500 returns’ distribution. The highest deviation from the mean happened 
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during the healthcare crisis, where the kurtosis is also high which means that 

there were heavy tails, indicating that the thus the probability of a rare event 

happening is high. The housing bubble, healthcare crisis, and all periods also 

have high kurtosis, as well as the dot com bubble (an assumption for the dot 

com bubble lower value for kurtosis is that this crisis-affected, mainly, tech 

companies and S&P 500 contains companies from many sectors such as 

telecommunications, transportation, technology, etc.) which means the 

probability of happening an improbable event (but a possible event) is high. 

Also, there is a negative mean of returns during the housing bubble. The 

skewness is negative, data being moderately skewed for all periods. The 

healthcare crisis had the most impact on S&P 500, as returns had the highest 

volatility among all the analyzed periods. However, the housing bubble shows 

negative mean returns, not encountered in the other periods.  

 
Table 1. Descriptive Statistics of S&P daily returns 

S&P 500 index  Mean (µ) 
Standard 

deviation (σ) 
Skewness Kurtosis 

All period 03/01/1995 - 10/12/2020 0.000318 0.0121 -0.4185 13.76 

Dot Com 
Bubble  03/01/1995 - 01/01/2002 0.000520 0.0112 -0.3026 6.71 

Housing 
Bubble 01/01/2006 - 01/12/2010  -0.000058 0.0159 -0.2230 11.43 

Healthcare 
Crisis 01/12/2019 - 10/12/2020 0.000640 0.0216 -0.8811 11.74 

 
 

Source: Authors’ calculations 

  

 However, the returns of the S&P 500 were not normally distributed, as 

the Jarque-Berra test of normality indicates in Table 2. 

 For testing the presence of the normal distribution, the Jarque-Bera 

test was used. Because all p-values are less than 0.05, inclusively less than 

0.01 the normality is rejected, therefore the data is not normally distributed. 

Furthermore, according to Table 1, the data is not normally distributed 

because it has kurtosis higher than 3, - a leptokurtic distribution -, and 

skewness is higher than 0, values which must be achieved for the normal 

distribution. Hence, S&P returns were not normally distributed in any of the 

periods considered in the analysis. 
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Table 2. Testing the normality of the data using Jarque-Bera Test 

S&P 500 index  
Jarque-Bera Test 

JB p-value 

03/01/1995 - 10/12/2020 All period 31677  < 2.2e-16 

03/01/1995 - 01/01/2002 Dot Com Bubble  1038.8 < 2.2e-16 

01/01/2006 - 01/12/2010  Housing Bubble 3668.6 < 2.2e-16 

01/12/2019 - 10/12/2020 Healthcare Crisis 854.21 < 2.2e-16 

 
 

   Source: Authors’ calculations 

  

 Table 3 shows the VaR and ES or returns resulting from an 

investment in S&P 500 from the beginning of 1995 until the end of 2020. An 

investor whose main goal is the long-term returns shouldn’t be concern about 

the high fluctuations of the market or by the rare events which affect the stock 

market.  According to VaR the maximum losses for an investor in the periods 

presented above are lower than the ones incurred during the healthcare crisis 

where the next day it might lose with a confidence level of 5% and 1% (for an 

investment of $ 1000 million) are $34.34 million and $48.48 million, but in 

the worst scenario according to ES an investor might lose the next day, with a 

confidence level of 5% and 1%, 43.04$ or 55.43$. Thus, worst scenario 

identified in calculations from Table 3 is from the healthcare crisis where an 

investor had the highest losses from all the periods presented.  

 
Table 3. VaR and ES under the assumption of the normally distributed of the 

returns of S&P500 

S&P 500 

VaR ES 

Confidence level  
$ 1000 mil 
investment Confidence level  

$ 1000 mil 
investment 

5% 1% 5% 1% 5% 1% 5% 1% 

03/01/1995 - 
10/12/2020 All period -1.96% -2.78% -19.43 -27.49 -2.46% -3.19% -24.38 -31.47 

03/01/1995 - 
01/01/2002 

Dot Com 
Bubble  -1.79% -2.56% -17.79 -25.29 -2.26% -2.94% -22.39 -28.99 

01/01/2006 - 
01/12/2010  

Housing 
Bubble -2.60% -3.68% -25.68 -36.15 -3.26% -4.21% -32.11 -41.31 

01/12/2019 - 
10/12/2020 

Healthcare 
Crisis -3.49% -4.96% -34.34 -48.48 -4.39% -5.70% -43.04 -55.43 

 
 

Source: Authors’ calculations 
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 For the historical simulation approach to calculating VaR and ES, the 

assumption is that the daily log returns are normally distributed, which was 

demonstrated above. Thus, there can be said firmly that the daily log returns 

were not normally distributed. For this simulation we have drawn 100.000 

outcomes from the empirical distribution where VaR represented the α-

quantile of 100.000 outcomes and ES is the average of the worst α multiple by 

100.000 outcomes. 

 
Table 4. Historical Simulation Approach for S&P 500 

S&P 500 

VaR ES 

Confidence level  
$ 1000 mil 
investment Confidence level  

$ 1000 mil 
investment 

5% 1% 5% 1% 5% 1% 5% 1% 

03/01/1995 - 
10/12/2020 All period -1.832% -7.90% -18.16 -75.97 -3.07% 

-
11.29

% -30.25 -106.78 

03/01/1995 - 
01/01/2002 

Dot Com 
Bubble  -1.833% -5.03% -18.17 -49.13 -2.61% 

-
6.99% -25.83 -67.53 

01/01/2006 - 
01/12/2010  

Housing 
Bubble -2.56% -2.84% -25.27 -28.07 -4.00% 

-
4.20% -39.30 -41.17 

01/12/2019 - 
10/12/2020 

Healthcar
e Crisis -3.42% -3.29% -33.69 -32.37 -6.05% 

-
4.89% -58.77 -47.75 

 
 

Source: Authors’ calculations 

 

 As shown in Table 4, the maximum loss occurring the next investing 

day according to VaR happened amid the healthcare crisis with a confidence 

level of 5% when an investor could lose $33.69 million, but with a 1% 

confidence level, the maximum loss occurred during the dot com bubble when 

an investor could have lost $49.13 million. But the worst scenario according to 

ES happened amid the same cases as above, but the worst scenario for the 

healthcare situation is a loss of $ 58.77 million (5% confidence level) and for 

the case of the dot com bubble the next investing day the investor could have 

lost $67.53 million.  

 For a more accurate representation of VaR and ES, we have used the 

assumption of a student t distribution of logarithmic returns where VaR is 

calculated as the α quantile of the simulated S&P 500 data and ES is the 

average of the S&P 500 simulated data, but ES take into consideration the 

worst possible scenario. The results of these calculations are presented in 

Table 5. 
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 With higher precision, the student t distribution shows that for a 

confidence interval of 5% and 1% the maximum loss according to VaR 

occurred in the healthcare crisis with a maximum loss of $25.88 million (5%) 

and $66.13 million (1%) for a $1000 million investment. These results 

demonstrate again that the pandemic situation had a tremendous negative 

impact on the stock market. On the other side, the worst scenario, measured 

through ES, for the next trading day occurred on the healthcare crisis too, 

when an investor might have lost $60.49 million for a 5% confidence level 

and $148.81 million for a 1% confidence level. It needs to be stressed that all 

three financial crises presented also represented opportunities for investors if 

they acted accordingly to the situation because the financial market offers the 

possibility to go long or short. However, this can happen only in case investors 

would have been able to forecast the market evolution and the negative 

returns, which is difficult. 

 
Table 5. VaR and ES using Student T Distribution for S&P 500 

S&P 500 

VaR ES 

Confidence 
level  

$ 1000 mil 
investment 

Confidence level  
$ 1000 mil 
investment 

5% 1% 5% 1% 5% 1% 5% 1% 

03/01/1995 
- 
10/12/2020 All period 

-
1.65% 

-
3.46% -16.42 -34.09 -2.87% -5.64% -28.33 -54.92 

03/01/1995 
- 
01/01/2002 

Dot Com 
Bubble  

-
1.68% 

-
3.42% -16.69 -33.72 -2.61% -5.64% -25.79 -54.86 

01/01/2006 
- 
01/12/2010  

Housing 
Bubble 

-
2.15% 

-
5.30% -21.59 -51.7 -4.55% 

-
10.71% -48.36 -101.59 

01/12/2019 
- 
10/12/2020 

Healthcar
e Crisis 

-
2.62% 

-
6.84% -25.88 -66.13 -6.23% 

-
16.11% -60.49 -148.81 

 
 

Source: Authors’ calculations 

  

 The next step in our analysis resides in considering the serial 

correlation of returns and its impact on VaR and ES calculation. The returns 

are insignificant and that is noticed through the black line (on the OX axis) 

which is inside of the dashed blue line – see Figure 6 -, as are in the cases of 

all periods (Series logret), the dot com bubble (Series logret1) and the housing 

bubble (Series logret2), but in the case of the healthcare crisis (Series log ret 

3) the returns are in some cases significant (the black line (on OX axis) is 
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going through the dashed blue line, See figure 6, Series logret3) which means 

that there is evidence of serial correlation in the case of healthcare crisis 

(Series logret3). In these circumstances, the direction of the S&P 500 might be 

predictable. What cannot be predicted for all the cases is the size of the 

fluctuation. 

         For the first 3 cases (all period, dot com bubble and housing bubble) the 

level and return of S&P 500 is not predictable, but for the healthcare crisis, 

because of the presence of serial correlation the price might be predicted. 

Thus, an investor can use forecasting methods to predict the future movements 

of the S&P 500 and invest accordingly. 

 
Figure 6. Serial autocorrelation for S&P 500 (for all 4 periods) 

 
Source: Authors’ calculations 

 

 The last step in our analysis addresses a well-known property of return 

series, i.e., volatility clustering. The GARCH Model (1,1) is one of the models 

which is considering the volatility clustering. As mentioned before the serial 
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correlation is absent in S&P returns, so the stock price cannot be forecasted (at 

least in the first 3 cases), but since volatility clustering is present – see Figure 

7 - the returns of S&P 500 manifest positive autocorrelation outside of the 

95% of the confidence level. Therefore, it can be concluded that absolute 

autocorrelation is stable. 

 Most of the time, financial returns are characterized by conditional 

heteroskedasticity, which refers to nonconstant volatility related to prior 

period's volatility (Ruilova & Morettin, 2020). The GARCH model is 

comprising the autoregressive component assumed as follows (Engle, 2001): 

rt = a + bxt-1 + εt      (2) 

εt =√htzt                (3) 

ht = α0 + α1ε2
t-1 + βht-1              (4) 

 Where: 

(2) is the mean equation, (3) is the distribution equation and (4) is the variance 

equation. 𝑟𝑡 is the return series with time varying volatility, 0 is its expected 

return (usually close to 0), √(ℎ𝑡, 𝜀𝑡) is the unexpected return, ℎ𝑡 is the 

predictable variance, changing over time, and 𝜀𝑡 is normally distributed, with 

mean 0 and variance 1.  

 
Figure 7. Volatility clustering for S&P 500 (for all 4 periods) 

 
Source: Authors’ calculations 
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 Due to previous results which show that the highest losses occurred 

during the pandemic, the GARCH (1,1) model on S&P returns will be applied 

only to the Covid-19 crisis period (the last case, 4th case). In Figure 8, there 

can be notices the high volatility of the S&P 500 during the first lockdown in 

the USA which happened in March 2020. Also, in March 2020 there was a 

significant dropdown of the S&P 500 and the all-American financial market. 

 The volatility of the S&P 500 under the student t distribution, 

GARCH (1,1) T, (Figure 9) is quite similar to the volatility of the index from 

the GARCH (1,1) normal in Figure 8. 

 
Figure 8. The volatility of the S&P 500 during the pandemic (GARCH (1,1) 

normal) 

 
Source: Authors’ representation 

 
Figure 9. The volatility of the S&P 500 during the pandemic (GARCH (1,1) T) 

 
 

 

 

 

 

 

 

 

Source: Authors’ representation 
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 After applying the GARCH (1,1) Normal and GARCH (1,1) T, there 

resulted a α1 = 0.348311 and a β1 = 0.650689 (GARCH normal) and a α1 = 

0.316923, and a β1 = 0.682077 (GARCH T) (See table 6).  

 Because S&P 500 returns distributions are leptokurtic for all periods 

under consideration, we have also calculated a rolling VaR by using the 

GARCH model (1,1) T, thus the model takes into consideration the existed 

fatter tail compared to the normal distribution. The GARCH (1,1) T was 

applied for the data set between March 2020 and September 2020. The author 

chose this period to notice if under the first lockdown the model fits or not and 

how the market reacted under a crisis which affected the entire economy.  

 
Table 6. GARCH (1,1) Normal and GARCH (1,1) T 

  GARCH (1,1) normal GARCH (1,1) T 

mu 0.00167 0.00216 

omega (α0) 0.000011 0.000009 

α1 0.348311 0.316923 

β1 0.650689 0.682077 

Shape (df) NA 5.110864 

 
 

                              Source: Data transformation using Rstudio 

 

 As can be noticed in Figure 10, for a 95% confidence level (α=5%) 

there are some specific points on the graph where the loss almost exceeded the 

VaR (the losses overlapped the VaR but did not pass the VaR interval line). 

But the model is accurate, hence an investor can rely on this model for 

investing. The role of the model is to prepare the investor or the portfolio 

manager to deal with the potential loss and to maintain the losses of their 

portfolios under a specific level (under a “sustainable level”). 
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Figure 10. Rolling 1-day VaR with ugarchroll at a confidence level of 95% 

 
Source: Authors’ calculations and representation 

 

           For higher accuracy we have calculated the VaR for a 99% confidence 

level (α=1%); as Figure 11 shows, there are some points where losses 

exceeded VaR, but overall, the model is reliable, therefore an investor can use 

it. 

Figure 11. Rolling 1-day VaR with ugarchroll at a confidence level of 99% 

 
Source: Authors’ calculations and representation 
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5. Conclusion  

 During financial crises the volatility of the market is high, thus having 

methods for measuring the risk during such turbulent periods is efficient for 

investing companies for protecting their investment. VaR and ES are methods 

for measuring the risk of a traded asset on the stock market and help the fund 

manager to quantify the risk for taking better decisions for hedging and 

protecting the wealth of its customers.  

         VaR is used for measuring the maximum loss which can occur, but ES is 

used for calculating the maximum loss which can occur in the worst scenario, 

so it takes into consideration the worst possibilities, which is a positive feature 

because the “black swan” events seem to be less rare than thought of. 

         Based on our results, it can be concluded that, after comparing the dot 

com crises, the house bubble crisis and pandemic, the highest loss resulting 

from a passive investment in S&P 500 occurred during the healthcare crisis 

where for a 95% confidence level (α=5%) the maximum loss (from 1000 

million investment) was $ 25.88 million (VaR) and the worst scenario was 

$60.49 million (ES), but for a confidence level of 99%, the losses are much 

higher, $66.13 million (VaR) and $148.81 million (ES).  

 Knowing how much can be lost during a trading day a good investor 

will try to protect its wealth using diverse techniques such as hedge, 

diversification, but if there is an assumption that the investor is from Japan, 

and he/she exchange money from JPY to USD than the main recommendation 

for protecting the portfolio is to hedge against currency risk. As a 

recommendation, an investor can hedge against the specific risk through 

diversification or buying financial derivatives instruments but cannot hedge 

against the systematic risk. 

 A limitation of this study might be the periods selected to be analyzed, 

or the fact that the authors choose just the main financial crisis which affect 

the most USA financial markets but omitted other crisis such as Greek debt 

crisis, or the Russian default on its domestic debt crisis, etc.  

 Furthermore, for a higher level of accuracy the recommendation is to 

use models which doesn’t assume the normal distribution of returns because 

the stock market returns, generally, do not follow the normal distribution. In 

this paper, the more accurate measurements of VaR and ES were realized 

under Student T distribution, Historically Simulation and GARCH model.  
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 Last, but not least, in the future research there can be used more 

advanced risk methods which are going to lead to a better representation of the 

volatility and help the trader/investor to take better decision.  
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